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Abstract — Feature extraction is process of obtaining
different features such as power, pitch, and vocal tract
configuration from the speech signal. Feature extraction of
speech is one of the most important problems in the field of
speech recognition and representative of the speech. This
phase is proceeded right after the input speech is pre-
emphasized and windowed. A novel method for speech
recognition is presented, utilizing nonlinear signal processing
techniques to extract time-domain based, reconstructed
phase space derived features. These nonlinear methodologies
differ strongly from the traditional linear signal processing
techniques typically employed for speech recognition. In this
paper briefly discuss the signal modeling approach for
speech recognition. It is followed by overview of basic
operations involved in signal modeling to discover the
discriminatory strength of these reconstructed phase space
derived features, isolated phoneme are executed and are
compared to a baseline classifier that uses Mel frequency
cepstral coefficient features. Statistical methods are
implemented to model these features. The results
demonstrate that reconstructed phase space derived features
contain substantial discriminatory power, even though the
Mel frequency cepstral coefficient features outperformed
them on direct comparisons. When the two feature sets are
combined, improvement is made over the baseline, suggesting
that the features extracted using the nonlinear techniques
contain different discriminatory information than the
features extracted from linear approaches. These nonlinear
methods ar e particularly interesting, because they attack the
speech recognition problem in a radically different manner
and are an attractive research opportunity for improved
speech recognition accuracy. Further commonly used
spectral and temporal analysis techniques of feature
extraction ar e also discussed.

Key Words — A-MFCC, Cepstral, Feature extraction,
MFCC, Speech signal, Spectral

|I. INTRODUCTION

Feature extraction of speech is important problems in
the field of speech recognition. Feature extraction is
process of obtaining different features such as power,
pitch, and vocal tract configuration from the speech signal.
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The speech feature extraction in a categorization
problem is about reducing the dimensionality of the input
vector whereas maintaining the discriminating power of
the signal. As from fundamental formation of speaker
identification and verification system, that the number of
training and test vector needed for the classification
problem grows with the dimension of the given input so
need feature extraction of speech signal.

The purpose of feature extraction is to convert the
speech  waveform to some type of parametric
representation for further analysis and processing, which is
referred as the signal-processing front end. In speaker
independent  speech recognition difficulty found on
extracting features that are somewhat invariant to changes
inthe speaker. Some examples of these variations include
punctuation  differences, maefemade voca tract
difference etc. The speech signa is a slowly time varying
signal. When examined over a sufficiently short period of
time (between 5 and 100 ms), its characteristics are fairly
stationary. However, over long periods of time (on the
order of 0.2s or more) the signal characteristics change to
reflect the different speech sounds being spoken.
Therefore, short-time spectral  andysis is the most
common way to characterize the speech signal. So feature
extraction involves anaysis of speech signal. Broadly the
feature extraction techniques are classified as spectral
analysis and temporal anaysis technique. In spectra
analysis spectral representation of speech signal is used for
analysis. In temporal analysis the speech waveform itself
isused for anaysis.

1. LITERATURE REVIEW

The first speech recognition system was built at Bell
Labs in the early 1950’s [1]. The task of the system was to
recognize digits separated by pauses spoken from a single
speaker. The system was built using analog electronics and
it performed recognition by detecting the resonant
frequency peaks of the uttered digit. Despite its crudeness,
the system was able to achieve 98% accuracy, and it
proved the concept that a machine could recognize human
speech [1].
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Research continued into the 1960’s and 1970’s fueled
by the advent of digital computing technology with focus
both on the signal processing and the pattern recognition
aspects of developing a speech recognizer. The most
significant contributions to speech analysis included to the
development of the cepstral analysis, and linear predictive
coding (LPC), which replaced the antiquated method of

1990’s, research focused on expanding the capabilities of
ASR systems to more complex tasks including speaker
independent data sets, larger vocabularies, and noise
robust recognition. Progress was made by incorporating
speech tailored signal processing methods for feature
extraction such as Mel frequency cepstral coefficients.
Also the research community became more organized for
facilitation of data and software sharing so that
comparisons among researchers could be made.

Standard speech data was compiled and distributed such
as the TIMIT corpus and the Re-source Management
corpus. Also, speech software toolkits with open source
code were made available; the Hidden Markov Modeling
Toolkit (HTK) being one example [5].

[11. ANALYSISOF PROBLEMS

The problem addressed in this concern the investigation
of novel acoustic modeling techniques that exploit the
theoretical results of nonlinear dynamics, and applies them
to the problem of speech recognition. The judgment of
ASR systems is driven by results and this concept reduces
the problem to the following question: “Does the use of
nonlinear signal processing techniques improve the
accuracy of current state of computer speech-to-text
systems?” Although this is the central question addressed
in this work, this research aso seeks to further the
understanding of the nonlinear methods employed, as well
as to determine the limitations of the current techniques
conventionally used in ASR [1].

IV. SPECTRAL ANALYSISTECHNIQUES

The speech signal is a dowly time-varying signal. Over
long periods of time the signal characteristic change to
reflect the different speech sounds being spoken.
Therefore, the short-time spectrad anaysis is the most
common way to characterize the speech signal. In spectral
analysis spectral representation of speech signal is used for
analysis. Following are the Spectral analysis techniques

(2.
A. Cepstral Analysis

The aim of cepstra analysis methods is to extract the
vocal tract characteristics from the excitation source,
because the vocal tract characteristics are what contain the
information about the phoneme utterance [5]. One typical
model used to represent the entire speech production
mechanism is given in Fig. 1,
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Fig 1. Block diagram of speech production model [2]

Although this model is accurate, the analysis can be
made simpler by replacing the glottal, voca tract, and lip
radiation filters, by a single vocal tract filter given in the
Fig. 2, this model is obtained by collapsing &l these
separate filters into a voca tract filter by the convolution
operation. In the linear acoustic model of speech
production, the composite speech spectrum, consist of
excitation signal filtered by a time-varying linear filter
representing the vocal tract filter as shown in Fig 2.

Excitation Voca
(Sub-glottal sys) Track
g(n) Filtr | Speech S(n)

Fig 2. Linear acoustic model of speech production

[2]

The speech signal is given as

dn)=gn)vn) @
Where,

v (n): vocal tract impulse response

g (n): excitation signal

The frequency domain representation

{f)=df)=«f) @

Taking log on both sides

Lo¢f )=Loddf )+LodM(f ) ®

Hence in log domain the excitation and the vocal tract
shape are superimposed, and can be separated. Cepstrum
is computed by taking inverse discrete Fourier transform
(IDFT) of logarithm of magnitude of discrete Fourier
transform to obtain finite length input signal. In speech
recognition cepstral analysis is used for formant tracking
and pitch detection. If speech signals exhibits sharp
periodic pulses it is viewed as voiced. If no such structure
is visible in speech signal, the speech is considered
unvoiced [2].

B. Mel frequency cepstral coefficients (MFCC)
MFCC is the best known and most popular, and has

been used. MFCC is based on the known variation of the
human ear’s critical bandwidths with frequencies, with
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filters spaced linearly at low frequencies and
logarithmically at high frequencies. This is expressed in
the Mel-frequency scale. MFCC provides a substantial
data reduction, because a few coefficients are sufficient to
represent the cepstrum of the audio signal.

Frame Windowing FFT
Speechas_" Blocking |—] 3| —
Input
Cepstrum Mel-
Me Frequency
Cepstrum l'¢«— Wrapping <

Fig 3. Block Diagram of MFCC Processor

Computation of MFCC has been explained in Fig.3, [6]
currently, the most popular speech feature is the Mdl filter
bank cepstral coefficients (MFCC). MFCC feature vector
is usually a 39 dimensiona vector, consisting of 13 basic
features, and their first and second derivatives. The
procedure of feature extraction is summarized as shown in
Fig. 4.

i. DC offset removal and pre-emphasis

This module removes the DC offset of the Speech signal
and pre-emphasis the signal spectrum by approximately 20
dB per decade to compress the spectrum of the speech
signal. The pre-emphasis filter is used to cancel the
negative spectral slope of voiced speech signal to improve
the efficiency of the spectral analysis.

ii. Framing

Human speech signal is slowly time varying and can be
treated as a stationary process when considered under a
short time frame. Therefore, the speech signal is usually
separated into small duration blocks, called frames, and
the spectral analysis is performed on these frames. The
speech signa is divided into frames of 256 samples each,
and a pre-emphasis filter is applied on each frame. The
neighboring blocks are overlapped by 1/2 to 2/3 length of
the frame and the frame shift is the frame length minus the
frame overlap. The commonly used frame length and
frame shift are 20-30 ms and 10 ms respectively for
speech recognition task because the positions of the
articulators do not change much in the period of frame
length.

iii. Windowing
After being partitioned into frames, each frame is

multiplied by a window function prior to the spectral
analysis to reduce the effect of discontinuity introduced by
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the framing process by attenuating the values of the
samples a the beginning and end of each frame.
Commonly used windows include Hamming and Hanning
windows. If no window is used, the case can be treated as
the rectangular window. Each window has its own pros
and cons. Compared to rectangular window, the Hamming
and Hanning windows decrease the frequency resolution
of the spectral analysis.

Speech signal

DC offset removal and pre-emphasis

Framing

A

4

Windowing

(Hamming or

Hanning window)

\ 4
Spectral estimation (Discrete
Fourier Transform)

Spectral coefficients
A

Mél filtering

Mel Filter bank
Coefficients

Natural Logarithm

Log Mel Filter bank

Coefficients
A 4 A
Log Discrete cosine transform
energy
Log E l CcO
Y Mel f
- requency
| Choose either log or CO Cepstral coefficients
Energy C1-C12)
Feature

\ 4 A\ 4
| Form 13-elerment feature vector |

A 4
| Calculate the derivatives and accelerations |

l

Final 39-element feature vector

Fig 4. The common procedure of feature extraction
[MFCC]
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iv. Spectral estimation

The spectral coefficients of the speech frames are
estimated using the fast Fourier transform (FFT) algorithm
for MFCC. These coefficients are complex numbers
containing both magnitude and phase information. For
speech recognition tasks, the phase information is usually
discarded and only the magnitudes of the spectral
coefficients are extracted. It is also common to use the
power of the spectral coefficients. Besides FFT, there is
another spectral  estimation technique called linear
predictive coding (LPC) analysis which is used to extract
the LPC cepstral coefficients. One difference between the
LPC spectral analysis and FFT spectral analysis is that the
LPC spectrum is a parametric estimate of the smoothed
spectral  envelope, whereas the FFT spectrum tends to
provide more details of the spectrum of the speech frame
as shown in Fig.5.

Value of
Coefficients

‘T Window 1

Window 2 Window N

0000

| I

Maximum
Frequency

Minimum
Freguency

Fig 5. Example of MEL window [7]

v. Md filtering

The spectrum of speech signa is then filtered by a
group of triangle band pass filters that simulate the
characteristics of human's ear. These windows are called
the Mel windows and the filtering process is caled Mel
filtering. The Mé filtering is to model the human auditory
system that perceives sound in a nonlinear frequency
binning. For example, the musical pitch described in
octaves and semitones is basicaly proportiona to the
logarithm of frequency. The ears analyze the spectrum of
the sound in groups according to a series of overlapped
critical bands. The critical bands are distributed in a way
that the frequency resolution is high in low frequency
region and low in high frequency region. There are several
ways to distribute the critical bands and Me frequency
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scale is one of them. The bandwidth of the window is
narrow in low frequency and gradualy increases for
higher frequency. The edge of the window is arranged so
that it coincides with the center of the neighbor window.
To decide the location of the Mel frequency of the center
of the windows, the Mel frequencies for minimum and
Maximum linear frequency are first calculated using

fmel = 2595x log(1+ f /700) (4)

Where fyq is the Mel frequency for the linear frequency.
The windows are evenly distributed in the Mel frequency,
and the center frequencies of the windows, when
converted back to linear frequency, is not linear.

vi. Natural logarithm

Whereas the Mel filtering approximates the nonlinear
characteristics of human auditory system in frequency, the
natural logarithm deals with the loudness nonlinearity. It
approximates the relationship between the human's
perceptions of the loudness and the sound intensity.
Besides this, it converts the multiplication relationship
between parameters into addition relationship. The
convolution distortions, such as the filtering effect of
microphone and channel, and the multiplication in
frequency domain, such as the amplification of soft sound,
become simple addition after the logarithm. Hence they
can be easily removed by subtracting the mean of the
coefficients. This technique is caled cepstra mean
subtraction/normalization.

vii. Discrete cosine transform

The DCT is applied on the log Me filter bank
coefficients to generate the cepstra coefficients and this
process is a modified Homomorphic processing The
Homomorphic processing is very useful in speech
recognition, as it can separate the vocal tract shape
function from the excitation signal of the speech
production model. The lower order cepstral coefficients
represent the smooth spectral shape or vocal tract shape,
whereas the higher order coefficients represent the
periodicity in the waveform, or the excitation information.
Only the lower order coefficients are used in speech
recognition systems, hence a dimension reduction is
achieved. Another benefit of DCT is that the generated
cepstral  coefficients are less correlated than the log Mel
filter bank coefficients. Therefore, it is possible to use
diagonal matrix for the covariance matrix of the Gaussian
in the HMM acoustical model and this significantly
reduces the number of parameters in the acoustical model.

viii. Log energy calculation

In addition to the normal MFCC features, the energy of
the speech frame is also used as a feature. The log energy,
caled log E, is caculated directly from the time-domain
signa of aframe. Sometimes, it is replaced by CO.
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ix. Derivatives and accelerations calculation

The trend of the speech signals in time is lost in the
frame-by-frame  analysis. To recover the trend
information, the time derivatives (the first delta) and
accelerations (second delta) are used. For speaker
independent speech recognition system, the derivatives
and accelerations are especialy important. Although the
location of the formant of the speech varies from person to
person, the time trend of the formant are quite constant
among different speakers. These derived features are
simply concatenated to the original cepstra features to
form the final feature.

X. Normalization

The normalization process ensures that al the features
contribute equally. Without normalization, the feature with
large dynamic range, such as the energy Feature CO, may
dominate the Euclidean distance.

C. Robust feature extraction [A-MFCC]

Mel frequency cepstral coefficients (MFCCs) are
perhaps the most widely used front ends in the state of the
art speaker identification systems. One of the major
problems with MFCCs is that they are very sensitive to
additive noise. To overcome this bottleneck, a temporal
filtering procedure on the autocorrelation sequence is
proposed to minimize the effect of additive noise. The
proposed feature is called Relative Autocorrelation Mel
Frequency Cepstra Coefficients (A-MFCC) which is
derived based on filtering the temporal trajectories of short
time one sided autocorrelation seguence. This filtering
process minimizes the effect of additive noise. It proposes
a new approach, utilizing peaks obtained from the
autocorrelation  spectrum of the speech signal. This
approach preserves the autocorrelation spectral peaks A,
Computation of AMFCCs has been explained in Fig. 6.

Frame Autocorrelatio Filtering FF
Blocking & n Seq by T
Pre — Baised = =
emphasis Estimator
DCT Log Mel Scae
Frequency
Bank
A- - — Kl—
MFCC

Fig 6: Block Diagram of A-MFCC Processor [ 6]

Firstly, calculate the autocorrelation of the noisy signal.
As the tempora autocorrelation of noise isa DC or slowly
varying signal, its effect is suppressed by a high-pass
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filter. The autocorrelation sequence of the frame signa is
obtained using a biased estimator. A tempora filtering is
then applied to the autocorrelation sequence to obtain the
relative autocorrelation seguence in order to suppress the
additive noise. A set of robust Mel-frequency cepstral
coefficients are derived from the magnitude of the relative
autocorrelation power spectrum by applying it to a
conventional mel frequency filter-bank and finally passing
its logarithm to the DCT block.

D. Critical Band Filter Bank Analysis

It is one of the most fundamental concepts in speech
processing. It can be regarded as crude model of the initia
stages of transduction in human auditory system.
Motivation for filter bank representation [8]

1. According to "place theory" the position of
maximum displacement aong the basilar membrane for
stimuli such as pure tones is proportiona to the logarithm
of the frequency of the tone [3].

2. The experiments in human perception have shown
that frequencies of a complex sound within a certain
bandwidth of some nomina frequency cannot be
individually identified unless one of the components of
this sound falls outside the bandwidth. This bandwidth is
known as critical bandwidth [4], [3]. Combination of these
two theories gave rise to the criticd band filter bank
analysis technique. Critical bank filter bank is simply bank
of linear phase FIR band pass filters that are arranged
linearly along the Bark (or Mel) scale. The bandwidths are
chosen to be equal to a critica bandwidth for
corresponding center frequency. Bark i.e. critical band rate
scale and Mel scale are perceptual frequency scale defined
as3]

Bark=13atar(0.76f /1000+35atar{ f* /(75007 5)

Melfrequency = 259510g,,(1+ f /700) (6)
An expression for critica bandwidth is[1]

BW,,ca 25+ 75[1+1.4( f /1000), |** (7)

Table 1 shows the critical filter banks based on Bark
scale and mel scale. Each filter in digital filter bank is
usualy implemented as a linear phase filter so that the
group delay for al filters is equal and the output signal
from the filters are synchronized in time. The filter
equations for linear phase filter implementation can be
summarized as follows [8]

ot (i) )

®)
=N

Where ¢ (j) denotes " coefficient for i critical

band filter.

The output of this analysis is a vector of power values
for each frame of data These are usualy combined with
other parameters, such as total power, to form a signa

S(n) =
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measurement  vector. The Filter bank attempts to
decompose the signal into discrete set of spectral samples
that contain information similar to what is presented to
higher levels of processing in auditory system. Because
the analysis technique is largely based on linear
processing, it is generally robust to ambient noise [8].

E. Principal Component Analysis (PCA)

Principal component analysis (also known as principal
components analysis) (PCA) is a technique from statistics
for simplifying a data set. It was developed by Pearson
(1901) and Hotelling (1933), whilst the best modern
reference is Jolliffe (2002). The aim of the method is to
reduce the dimensionality of multivariate data whilst
preserving as much of the relevant information as possible.
It is a form of unsupervised learning in that it relies
entirely on the input data itself without reference to the
corresponding target data (the criterion to be maximized is
the variance). PCA is a linear transformation that
transforms the data to a new coordinate system such that
the new set of variables, the principa components, are
linear functions of the original variables, are uncorrelated,
and the greatest variance by any projection of the data
comes to lie on the first coordinate, the second greatest
variance on the second coordinate, and so on. In practice,
this is achieved by computing the covariance matrix for
the full data set. Next, the eigenvectors and eigenvalues of
the covariance matrix are computed, and sorted according
to decreasing eigenvaue. Note that PCA’s bias is not
aways appropriate; features with low variance might
actually have high predictive relevance, it depends on the
application.

F. Independent component analysis (ICA)

Recently, the concept of sparse coding and ICA has
been successfully applied to natura signal representation.
[12]. ICA was also used to elucidate the basic functions of
natural images [13] and sound signals [14,15], assuming
that the underlying causes have sparse or in general super-
Gaussian distributions.  Along this line of research,
assume that speech signals are generated by a generative
model where speech signals are represented as a linear
combination of basic functions weighted by independent
source coefficients. A frame of N observed speech
samples is represented by alinear combination of N source
signals as

X = AS;

Where x is an N x1 column vector of the speech
samples, A is an N xN mixing matrix whose column
vectors constitute a set of basic functions and sisan N x1
column vector of the source signals. In this work, assume
that the source signals follow a sparse distribution. This
sparseness assumption is reasonable when trying to obtain
basis functions that produce an coefficient coding scheme.
On the other hand, one can aso adapt the source
distribution using a parameterized model of the source
density, such as the generalized Gaussian or exponential
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power density [5]. For representing speech signals
however, this parameterized approach leads to source
densities that have Laplacian or even sparser density
models [16,15]. Both directions, namely a parameterized
density model with an independence cost function and the
Laplacian prior model yield similar basis functions and
properties for speech signal representation. For simplicity,
assume the Laplacian source model to learn the basis
functions. With the assumption of the Laplacian source
density. [17]

V.DATA SET AND EXPERIMENTAL RESULTS

A digital database of 200 English words spoken by 30
speakers has been used for the experiment of speaker
identification system. The spoken samples are recorded by
15 male, 10 female and 5 child speakers in the studio
environment using the microphone and a tape recorder.
Each spesker pronounced 5 repetitions of words. The
resulting database was partitioned for the use of training
and testing.

1. Language: English

2. Vocabulary Size: A set of 200 most frequently use
English words

3. Speakers: 30 speakers

4. Utterances. (15 male, 10 female and 5 children) 5
repetitions each

5. Audio Recording: Recording on a cassette tape in
studio SNR>40dB

6. Digitization: 16KHz. Sampling, 16 bit quantization.

i. Testing on a clean Speech

The purpose of this experiment is to evaluate the
performance of MFCC, A-MFCC when training data and
the testing data are in a clean environment, i.e. assuming
40 dB signals to noise ratio (SNR).

|. Speaker identification rate(%o)for clean speech

Feature type Recognition rate (%)

MFCC 98.24

A-MFCC 99.27

It was observed that recognition rates are approximately
identica for MFCC and A-MFCC. With the use of MFCC
front end, the speaker identification rate was 98.24% and
with A-MFCC it was 99.27% as given in Table (1).

ii. Testing on noisy speech

The polluted testing utterances are generated by adding
the artificial noises at five SNR levels. The white noise is
generated by a random number generator program, and
other colored noises such as factory noise, F16 noise are
extracted from the NATO RSG-10 corpus [18]. The noises
are added to the clean speech signd at 20, 15, 10, 5and O
dB of SNR. Both MFCC and A-MFCC are evaluated and
the speaker identification rates are compared with the
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traditiona  MFCC front-end. Table Il (a)-(c) show the
results obtained by using MFCC, A-MFCC front-ends
respectively. From the result it is obvious that A-MFCC
are quite robust to the additive noise.

Table Il (a) Speaker Identification rate (%) for
testing speech corrupted by white noise.
Featuretype Noiselevels(dB)

40 [20 [15 [10 5 0
MFCC 982 | 838 | 558 | 293 | 105 | 37
A-MFCC 99.2 | 858 | 589 | 348 | 150 | 74
Table Il (b) Speaker Identification rate (%) for
testing speech corrupted by factory noise.
Featuretype Noise levels(dB)

40 20 15 10 5 0

MFCC 99.24 | 84.10 | 56.17 | 30.18 | 1150 | 4.20
A-MFCC 99.31 | 86.11 | 58.90 | 35.16 | 16.15 | 8.20
Table Il (c) Speaker Identification rate (%) for
testing speech corrupted by f 16 noise.
Featuretype Noise levels(dB)

40 [20 [15 10 5 0
MFCC 980 | 832 | 57.1 | 314 | 108 [ 37
A-MFCC 989 | 859 | 591 [ 357 | 149 [ 72

VI. TEMPORAL ANALYSIS

It involves processing of the waveform of speech
signal directly. It involves less computation compared to
spectral analysis but limited to simple speech parameters,
e.g. power and periodicity.

A. Power Estimation

The use of power measures in speech recognition is
fairly standard today. [1]In most speech recognition
system Hamming window is almost exclusively used. In
practice power in signal after windowing is approximately
equa to the power of signa before windowing. The
purpose of window is to weight, samples towards the
center of the window this characteristic coupled with
overlapping anaysis performs important function of
obtaining smoothly varying parametric estimates. The
Window duration controls amount of averaging or
smoothing in power calculation. Excessive smoothing can
obscure true variation in the signal. Rather than using
power directly in speech recognition systems use the
logarithm of power multiplied by 10, defined as the power
in decibels, in an effort to emulate logarithmic response of
human auditory system [4]. It is caculaed as

PowerindB =10log,, (P(n)) (9)

The major significance of P (n) is that it provides basis
for distinguishing voiced speech segments from unvoiced
speech segments. The values of P (n) for the unvoiced
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segments are significantly smaller than that for voiced
segments. The power can be used to locate approximately
the time at which voiced speech becomes unvoiced and
vice versa

B. Fundamental Frequency Estimation

Fundamental Frequency is defined as the frequency at
which the vocal cords vibrate during a voiced sound.
Fundamental frequency has long been difficult parameter
to reliably estimate from the speech signal. Previously it
was neglected for number of reasons, including large
computational burden required for accurate estimation, the
concern that unreliable estimation would be a barrier to
achieving high performance ™. It is useful in speech
recognition of tonal languages (e.g. Chinese) and
languages that have some tonal components (e.g.
Japanese). Fundamental frequency is often processed on
logarithmic scale, rather than a linear scale to match the
resolution of human auditory system.

C. Gold and Rabiner Algorithm

It is one of earliest and simplest agorithm for fO
estimation. In this agorithm [1] the speech signa is
processed so as to create a number of impulse trains which
retain the periodicity of the original signal and discard
features which are irrelevant to the pitch detection process.
This enables use of very simple pitch detectors to estimate
the period of each impulse train. The estimates of severa
of these pitch detectors are logically combined to infer the

period of the speech waveform. The agorithm can be
efficiently implemented either in specia purpose hardware
or on general-purpose computer.

D. Cepstrum based pitch determination

In the cepstrum [5], we observe that for the voiced
speech there is a peak in the cepstrum at the fundamental
period of the input speech segment. No such a peak
appears in the cepsrtum for unvioced speech segment. If
the cepstrum peak is above the preset threshold, the input
speech is likely to be voiced, and position of peak is good
estimate of pitch period. Its inverse provides fo. If the peak
does not exceed the threshold, it is likely that the input
speech segment is unvoiced.

VIl. RESULTSAND CONCLUSION

Analysis techniques for feature extraction have been
studied in detail and following conclusions are drawn
1. Tempora  analysis techniques involve less
computation, ease of implementation. But they are
limited to determination simple speech parameters
like power, energy and periodicity of speech. For
finding vocal tract parameters we require spectral
analysis techniques.
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Critical band filter bank decomposes the speech signal
into discrete set of spectral samples containing
information, which is smilar to information,
presented to higher levels processing in auditory
system.

Cepstral  analysis separates the speech signal into
component representing excitation source and a
component representing vocal tract impulse response.
So it provides information about pitch and vocal tract
configuration. But it is computationally more
intensive.

Mel cepstral analysis has decorrelating property of
cepstral analysis and also includes some aspects of
audition.

MFCC is the best known and most popular method,
A-MFCC contributes to better performance in terms
of speaker identification. Experimental results show
that the proposed approach is more effective in
overcoming additive noises which are stationary in
nature at low SNR’s. Furthermore, this proposed
method works well for different types of noises
including white, F16 and factory noise.

ICA coefficient by using an additional transform was
an effective method to reduce the dependencies
among the source coefficients.

This paper, discussed the various technique developed
in each stage of speech recognition system,

Following Table Il represent the list of technique with
their properties for Feature extraction.

I11. Various techniques of feature extraction

Procedurefor
Implementation

M ethod Property

Non liner feature
extraction method,
Linear map, fast,

Eigenvector-based

Principa
Component
analysis
(PCA)

Traditional, eigenvector
Base method, also
known as karhuneu-
Loeve expantion; good
for Gaussian data

Static feature
extraction
method.power
Spectrum

Used to represent
Spectrum envelope

Cepstral
Analysis

Filters tuned
required
frequencies

Filter Bank
Analysis

This method is used for
find out the features.

Mel-
Freguency
cepstrum
coefficients
(MFCC)

Power spectrum
is computed by
performing Fourier
Analysis

Non liner feature
extraction method,
Linear map,
iterative non-
Gaussian

Independent
component
analysis(ICA)

Blind course separation ,
used for de-mixing non-
Gaussian distributed
sources(features)
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