
Appendix A
MFCC Features

The MFCC feature extraction technique basically includes windowing the signal,
applying the DFT, taking the log of the magnitude, and then warping the frequencies
on a Mel scale, followed by applying the inverse DCT. The detailed description of
various steps involved in the MFCC feature extraction is explained below.

1. Pre-emphasis: Pre-emphasis refers to filtering that emphasizes the higher fre-
quencies. Its purpose is to balance the spectrum of voiced sounds that have a steep
roll-off in the high-frequency region. For voiced sounds, the glottal source has
an approximately −12dB/octave slope [1]. However, when the acoustic energy
radiates from the lips, this causes a roughly +6 dB/octave boost to the spectrum.
As a result, a speech signal when recorded with a microphone from a distance has
approximately a−6dB/octave slope downward compared to the true spectrum of
the vocal tract. Therefore, pre-emphasis removes some of the glottal effects from
the vocal tract parameters. The most commonly used pre-emphasis filter is given
by the following transfer function

H(z) = 1 − bz−1 (A.1)

where the value of b controls the slope of the filter and is usually between 0.4 and
1.0 [1].

2. Frame blocking and windowing: The speech signal is a slowly time-varying
or quasi-stationary signal. For stable acoustic characteristics, speech needs to be
examined over a sufficiently short period of time. Therefore, speech analysis must
always be carried out on short segments acrosswhich the speech signal is assumed
to be stationary. Short-term spectral measurements are typically carried out over
20ms windows, and advanced every 10ms [2, 3]. Advancing the time window
every 10ms enables the temporal characteristics of individual speech sounds to
be tracked, and the 20ms analysis window is usually sufficient to provide good
spectral resolution of these sounds, and at the same time short enough to resolve
significant temporal characteristics. The purpose of the overlapping analysis is
that each speech sound of the input sequence would be approximately centered
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at some frame. On each frame, a window is applied to taper the signal towards
the frame boundaries. Generally, Hanning or Hamming windows are used [1].
This is done to enhance the harmonics, smooth the edges, and to reduce the edge
effect while taking the DFT on the signal.

3. DFT spectrum: Each windowed frame is converted into magnitude spectrum by
applying DFT.

X (k) =
N−1∑

n=0

x(n)e
− j2πnk

N ; 0 ≤ k ≤ N − 1 (A.2)

where N is the number of points used to compute the DFT.
4. Mel spectrum: Mel spectrum is computed by passing the Fourier transformed

signal through a set of band-pass filters known as Mel-filter bank. A Mel is a unit
of measure based on the human ears perceived frequency. It does not correspond
linearly to the physical frequency of the tone, as the human auditory system
apparently does not perceive pitch linearly. The Mel scale is approximately a
linear frequency spacing below 1 kHz and a logarithmic spacing above 1kHz [4].
The approximation of Mel from physical frequency can be expressed as

fMel = 2595 log10

(
1 + f

700

)
(A.3)

where f denotes the physical frequency in Hz, and fMel denotes the perceived
frequency [2].
Filter banks can be implemented in both time domain and frequency domain. For
MFCC computation, filter banks are generally implemented in frequency domain.
The center frequencies of the filters are normally evenly spaced on the frequency
axis. However, in order to mimic the human ears perception, the warped axis,
according to the nonlinear function given in Eq. (A.3), is implemented. The most
commonly used filter shaper is triangular, and in some cases the Hanning filter
can be found [1]. The triangular filter banks with Mel frequency warping is given
in Fig.A.1.
The Mel spectrum of the magnitude spectrum X (k) is computed by multiplying
the magnitude spectrum by each of the of the triangular Mel weighting filters.

s(m) =
N−1∑

k=0

[|X (k)|2 Hm(k)
]; 0 ≤ m ≤ M − 1 (A.4)

where M is total number of triangular Mel weighting filters [5, 6]. Hm(k) is the
weight given to the kth energy spectrum bin contributing to the mth output band
and is expressed as:
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Fig. A.1 Mel-filter bank

Hm(k) =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

0, k < f (m − 1)
2(k− f (m−1))
f (m)− f (m−1) , f (m − 1) ≤ k ≤ f (m)

2( f (m+1)−k)

f (m+1)− f (m)
, f (m) < k ≤ f (m + 1)

0, k > f (m + 1)

(A.5)

with m ranging from 0 to M − 1.
5. Discrete cosine transform (DCT): Since the vocal tract is smooth, the energy

levels in adjacent bands tend to be correlated. The DCT is applied to the trans-
formed Mel frequency coefficients produces a set of cepstral coefficients. Prior
to computing DCT, the Mel spectrum is usually represented on a log scale. This
results in a signal in the cepstral domain with a quefrequency peak corresponding
to the pitch of the signal and a number of formants representing low quefre-
quency peaks. Since most of the signal information is represented by the first
few MFCC coefficients, the system can be made robust by extracting only those
coefficients ignoring or truncating higher order DCT components [1]. Finally,
MFCC is calculated as [1]

c(n) =
M−1∑

m=0

log10 (s(m)) cos

(
πn(m − 0.5)

M

)
; n = 0, 1, 2, . . . , C − 1

(A.6)
where c(n) are the cepstral coefficients, and C is the number of MFCCs. Tradi-
tional MFCC systems use only 8–13 cepstral coefficients. The zeroth coefficient
is often excluded since it represents the average log-energy of the input signal,
which only carries little speaker-specific information.
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6. Dynamic MFCC features: The cepstral coefficients are usually referred to as
static features, since they only contain information from a given frame. The extra
information about the temporal dynamics of the signal is obtained by computing
first and second derivatives of cepstral coefficients [7–9]. Thefirst-order derivative
is called delta coefficients, and the second-order derivative is called delta–delta
coefficients. Delta coefficients tell about the speech rate, and delta–delta coeffi-
cients provide information similar to acceleration of speech. The commonly used
definition for computing dynamic parameter is [7]

Δcm(n) =

T∑
i=−T

ki cm(n + i)

T∑
i=−T

|i |
(A.7)

where cm(n) denotes the mth feature for the nth time frame, ki is the i th weight,
and T is the number of successive frames used for computation. Generally T is
taken as 2. The delta–delta coefficients are computed by taking the first-order
derivative of the delta coefficients.
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Appendix B
Pattern Recognition Models

In this work, hidden Markov model (HMM), support vector machine (SVM), and
auto-associative neural network (AANN) models are used to capture the pattern
present in features. HMMs are used to capture the sequential information present
in feature vectors for CV recognition. SVMs are used to capture the discriminative
information present in the feature vectors forCV recognition.AANNmodels are used
to capture the nonlinear relations among the feature vectors for speaker identification.
The following sections briefly describe the pattern recognition models used in this
study.

B.1 Hidden Markov Models

Hidden Markov models (HMMs) are the commonly used classification models in
speech recognition [1]. HMMs are used to capture the sequential information present
in feature vectors for developing PRSs. HMM is a stochastic signal model which is
referred to asMarkov sources or probabilistic functions ofMarkov chains. Thismodel
is an extension to the concept of Markov model which includes the case where the
observation is a probabilistic function of the state. HMM is a finite set of states, each
ofwhich is associatedwith a probability distribution. Transitions among the states are
governed by a set of probabilities called transition probabilities. In a particular state,
an outcome or observation can be generated, according to the associated probability
distribution. Here, only the outcome is known and the underlying state sequence is
hidden. Hence, it is called a hidden Markov model.

Following are the basic elements that define HMM:

1. N, Number of states in the model,
s= {s1, s2, .......sN}

2. M, Number of distinct observation symbol per state,
v= {v1, v2, ....vM}

3. State transition probability distribution A= {ai j}, where
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ai j = P
[
qt+1 = s j |qt = si

]
, 1 ≤ i, j ≤ N (B.1)

4. Observation symbol probability distribution in state j,
B= {b j (k)}, where

b j (k) = P
[
vk at t |qt = s j

]
1 ≤ j ≤ N , 1 ≤ k ≤ M (B.2)

5. Initial state distribution Π = {Π j}, where

Π j = P [q1 = si ] 1 ≤ i ≤ N (B.3)

So, a complete specification of an HMM requires specification of two model
parameters (N andM), specification of observation symbols, and the specification of
three probability measures A, B, Π . Therefore, HMM is indicated by the compact
notation

λ = (A, B,Π)

Given that state sequence q = (q1q2...qT ) is unknown, the probability of obser-
vation sequence O = (o1o2...oT ), given the model λ, is obtained by summing the
probability of over all possible state sequences q as follows:

P(o|λ) =
∑

q1,q2,...,qT

πq1bq1(o1)aq1q2bq2(o2)...aqT −1qT bqT (oT ) (B.4)

whereπq1 is the initial state probability of q1, and T is length of observation sequence.

B.2 FeedForward Neural Networks

FFNNs are the artificial neural networks, where the information moves from the
input layer to output layer through the hidden layer in forward direction with no
loops in the network. FFNNs are used to capture the nonlinear relationship between
the feature vectors and the phonetic sound units. FFNNs map an input feature vector
into one of the phonetic units, among the set of phonetic sound units used for training
the FFNN models. Each unit in one layer of the FFNN has directed connections to
the units in the subsequent layer. FFNNs consist of an input layer, an output layer,
and one or more hidden layers. The number of units in the input is equal to the
dimension of feature vectors, while the number of units in output layer is equal to
the number of phonetic sound units being modeled. The hidden and output layers
are nonlinear, whereas the input layer is linear. The nonlinearity is achieved using
activation functions such as sigmoid, softmax. The general structure of three-layered
FFNN is as shown in Fig.B.1. A three-layered FFNN has one input layer, one hidden
layer, and one output layer.
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Fig. B.1 General structure
of three-layered
FeedForward neural
networks

Input Layer

Hidden Layer

Output Layer

The feature vectors are fed to the input layer, and the corresponding phone labels
are fed to the output layer of the FFNN. FFNNs are trained using a learning algorithm
such as back-propagation algorithm [2, 3]. The back-propagation algorithm is most
commonly used in the development of speech recognition applications using FFNNs.
In back-propagation algorithm, the calculated output is compared with the correct
output, and the error between them is computed using a predefined error function. The
error is then back-propagated through the network, and the weights of the network
are adjusted based on the computed error. The weights are adjusted using a nonlinear
optimization method such as gradient descent method. This process is repeated for
sufficiently large number of training examples till the network converges. After the
completion of training phase, the weights of the network are used for decoding the
phonetic sound units in the spoken utterances. Determining the network structure is
an optimization problem. At present, there are no formal methods for determining
the optimal structure of a neural network. The key factors that influence the neural
network structure are amount of training data, learning ability of the network, and
capacity to generalize the acquired knowledge.
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