Appendix A

LPCC Features

The cepstral coefficients derived from either linear prediction (LP) analysis or a filter
bank approach are almost treated as standard front end features [1, 2]. Speech systems
developed based on these features have achieved a very high level of accuracy, for
speech recorded in a clean environment. Basically, spectral features represent phonetic information, as they are derived directly from spectra. The features extracted
from spectra, using the energy values of linearly arranged filter banks, equally emphasize the contribution of all frequency components of a speech signal. In this context,
LPCCs are used to capture emotion-specific information manifested through vocal
tract features. In this work, the 10th order LP analysis has been performed, on the
speech signal, to obtain 13 LPCCs per speech frame of 20 ms using a frame shift
of 10 ms. The human way of emotion recognition depends equally on two factors,
namely: its expression by the speaker as well as its perception by a listener. The purpose of using LPCCs is to consider vocal tract characteristics of the speaker, while
performing automatic emotion recognition.
Cepstrum may be obtained using linear prediction analysis of a speech signal.
The basic idea behind linear predictive analysis is that the nth speech sample can be
estimated by a linear combination of its previous p samples as shown in the following
equation.
s(n) ≈ a1 s(n − 1) + a2 s(n − 2) + a3 s(n − 3) + · · · + ap s(n − p)
where a1 , a2 , a3 , . . . are assumed to be constants over a speech analysis frame.
These are known as predictor coefficients or linear predictive coefficients. These
coefficients are used to predict the speech samples. The difference of actual and
predicted speech samples is known as an error. It is given by
e(n) = s(n) − ŝ(n) = s(n) −

p


ak s(n − k)

k=1

© The Author(s) 2015
K.S. Rao et al., Language Identification Using Spectral and Prosodic Features,
SpringerBriefs in Speech Technology, DOI 10.1007/978-3-319-17163-0

87

88

Appendix A: LPCC Features

where e(n) is the error in prediction, s(n) is the original speech signal, ŝ(n) is a
predicted speech signal, ak s are the predictor coefficients.
To compute a unique set of predictor coefficients, the sum of squared differences
between the actual and predicted speech samples has been minimized (error minimization) as shown in the equation below
En =





m

sn (m) −

p


2
ak sn (m − k)

k=1

where m is the number of samples in an analysis frame. To solve the above equation
for LP coefficients, En has to be differentiated with respect to each ak and the result
is equated to zero as shown below
∂En
= 0,
∂ak

for k = 1, 2, 3, . . . , p

After finding the ak s, one may find cepstral coefficients using the following
recursion.
C0 = loge p
m−1 k
Ck am−k ,
Cm = am +
for 1 < m < p and
k=1 m
m−1 k
Ck am−k ,
Cm =
for m > p
k=m−p m
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Appendix B

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 frequencies. 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 −12 dB/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 −6 dB/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

(B.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 across which the speech signal is assumed
to be stationary. Short-term spectral measurements are typically carried out over
20 ms windows, and advanced every 10 ms [2, 3]. Advancing the time window
every 10 ms enables the temporal characteristics of individual speech sounds to
be tracked and the 20 ms 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.
N−1

−j2π nk
x(n)e N ;
0≤k ≤N −1
(B.2)
X(k) =
n=0

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 1 kHz
[4]. The approximation of mel from physical frequency can be expressed as


f
fmel = 2595 log10 1 +
700

(B.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 non-linear function given in Eq. (B.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. B.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



|X(k)|2 Hm (k) ;

0≤m ≤M −1

(B.4)

k=0

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. B.1 Mel-filter bank

Hm (k) =

⎧
⎪
⎪
⎪
⎨
⎪
⎪
⎪
⎩

0,

2(k−f (m−1))
f (m)−f (m−1) ,
2(f (m+1)−k)
f (m+1)−f (m) ,

0,

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

(B.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 transformed 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 que-frequency peak corresponding
to the pitch of the signal and a number of formants representing low quefrequency
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


π n(m − 0.5)
;
log10 (s(m)) cos
M


n = 0, 1, 2, ..., C − 1

(B.6)
where c(n) are the cepstral coefficients and C is the number of MFCCs. Traditional
MFCC systems use only 8–13 cepstral coefficients. The zeroth coefficient is often
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excluded since it represents the average log-energy of the input signal, which only
carries little speaker-specific information.
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, 8]. The first 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 coefficients provide information similar to acceleration of speech. The commonly used
definition for computing dynamic parameter is
T

Δcm (n) =

ki cm (n + i)

i=−T
T

(B.7)
|i|

i=−T

where cm (n) denotes the mth feature for the nth time frame, ki is the ith 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 C

Gaussian Mixture Model (GMM)

In the speech and speaker recognition the acoustic events are usually modeled by
Gaussian probability density functions (PDFs), described by the mean vector and
the covariance matrix. However unimodel PDF with only one mean and covariance
are unsuitable to model all variations of a single event in speech signals. Therefore,
a mixture of single densities is used to model the complex structure of the density
probability. For a D-dimensional feature vector denoted as xt , the mixture density for
speaker Ω is defined as weighted sum of M component Gaussian densities as given
by the following [1]
M

wi Pi (xt )
(C.1)
P(xt |Ω) =
i=1

where wi are the weights and Pi (xt ) are the component densities. Each component
density is a D-variate Gaussian function of the form
Pi (xt ) =



− 21 (xt −μi ) Σi−1 (xt −μi )

1

e
1

(2π )D/2 |Σi | 2

(C.2)

where μi is a mean vector and Σi covariance matrix for ith component. The mixture
weights have to satisfy the constraint [1]
M


wi = 1.

(C.3)

i=1

The complete Gaussian mixture density is parameterized by the mean vector, the
covariance matrix and the mixture weight from all component densities. These parameters are collectively represented by
Ω = {wi , μi , Σi } ;

i = 1, 2, ....M.
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C.1 Training the GMMs
To determine the model parameters of GMM of the speaker, the GMM has to be
trained. In the training process, the maximum likelihood (ML) procedure is adopted
to estimate model parameters. For a sequence of training vectors X = {x1 , x2 , .., xT },
the GMM likelihood can be written as (assuming observations independence) [1]
P(X|Ω) =

T


P(xt |Ω).

(C.5)

t=1

Usually this is done by taking the logarithm and is commonly named as log-likelihood
function. From Eqs. (C.1) and (C.5), the log-likelihood function can be written as
log [P(X|Ω)] =

T

t=1


log

M



wi Pi (xt ) .

(C.6)

i=1

Often, the average log-likelihood is used value is used by dividing log [P(X|Ω)]
by T . This is done to normalize out duration effects from the log-likelihood value.
Also, since the incorrect assumption of independence is underestimating the actual
likelihood value with dependencies, scaling by T can be considered a rough compensation factor [2]. The parameters of a GMM model can be estimated using maximum
likelihood (ML) estimation. The main objective of the ML estimation is to derive
the optimum model parameters that can maximize the likelihood of GMM. The likelihood value is, however, a highly nonlinear function in the model parameters and
direct maximization is not possible. Instead, maximization is done through iterative
procedures. Of the many techniques developed to maximize the likelihood value, the
most popular is the iterative expectation maximization (EM) algorithm [3].

C.1.1 Expectation Maximization (EM) Algorithm
The EM algorithm begins with an initial model Ω and tends to estimate a new model
such that the likelihood of the model increasing with each iteration. This new model
is considered to be an initial model in the next iteration and the entire process is
repeated until a certain convergence threshold is obtained or a certain predetermined
number of iterations have been made. A summary of the various steps followed in
the EM algorithm are described below.
1. Initialization: In this step an initial estimate of the parameters is obtained. The
performance of the EM algorithm depends on this initialization. Generally, LBG
[4] or K-means algorithm [5, 6] is used to initialize the GMM parameters.
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2. Likelihood computation: In each iteration the posterior probabilities for the ith
mixture is computed as [1]:
Pr(i|xt ) =

wi Pi (xt )
M

.

(C.7)

wj Pj (xt )

j=1

3. Parameter update: Having the posterior probabilities, the model parameters are
updated according to the following expressions [1].
Mixture weight update:
T

wi =

Pr(i|xt )

i=1

T

.

(C.8)

Mean vector update:
T

μi =

Pr(i|xt )xt

i=1
T

.

(C.9)

Pr(i|xt )

i=1

Covariance matrix update:
T

σ 2i =

Pr(i|xt ) |xt − μi |2

i=1
T

.

(C.10)

Pr(i|xt )

i=1

In the estimation of the model parameters, it is possible to choose, either full
covariance matrices or diagonal covariance matrices. It is more common to use diagonal covariance matrices for GMM, since linear combination of diagonal covariance
Gaussians has the same model capability with full matrices [7]. Another reason
is that speech utterances are usually parameterized with cepstral features. Cepstral
features are more compactable, discriminative, and most important, they are nearly
uncorrelated, which allows diagonal covariance to be used by the GMMs [1, 8].
The iterative process is normally carried out 10 times, at which point the model is
assumed to converge to a local maximum [1].

C.1.2 Maximum a Posteriori (MAP) Adaptation
Gaussian mixture models for a speaker can be trained using the modeling described
earlier. For this, it is necessary that sufficient training data is available in order to
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create a model of the speaker. Another way of estimating a statistical model, which
is especially useful when the training data available is of short duration, is by using
maximum a posteriori adaptation (MAP) of a background model trained on the speech
data of several other speakers [9]. This background model is a large GMM that is
trained with a large amount of data which encompasses the different kinds of speech
that may be encountered by the system during training. These different kinds may
include different channel conditions, composition of speakers, acoustic conditions,
etc. A summary of MAP adaptation steps are given below.
For each mixture i from the background model, Pr(i|xt ) is calculated as [10]
wi Pi (xt )

Pr(i|xt ) =

M

.

(C.11)

wj Pj (xt )

j=1

Using Pr(i|xt ), the statistics of the weight, mean and variance are calculated as
follows [10]
T

Pr(i|xt )
(C.12)
ni =
i=1
T

Ei (xt ) =

=

(C.13)

ni
T

Ei (xt2 )

Pr(i|xt )xt

i=1

i=1

Pr(i|xt )xt2
ni

.

(C.14)

These new statistics calculated from the training data are then used adapt the
background model, and the new weights (ŵi ), means (μ̂i ) and variances (σ̂i2 ) are
given by [10]

α n
i i
+ (1 − αi )wi γ
(C.15)
ŵi =
T
μ̂i = αi Ei (xt ) + (1 − αi )μi

(C.16)

σ̂i2 = αi Ei (xt2 ) + (1 − αi )(σi2 + μ2i ) − μ̂2i .

(C.17)

A scale factor γ is used, which ensures that all the new mixture weights sum to 1.
αi is the adaptation coefficient which controls the balance between the old and new
model parameter estimates. αi is defined as [10]
αi =

ni
ni + r

(C.18)
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where r is a fixed relevance factor, which determines the extent of mixing of the
old and new estimates of the parameters. Low values for αi (αi → 0), will result
in new parameter estimates from the data to be de-emphasized, while higher values
(αi → 1) will emphasize the use of the new training data-dependent parameters.
Generally only mean values are adapted [2]. It is experimentally shown that mean
adaptation gives slightly higher performance than adapting all three parameters [10].

C.2 Testing
In identification phase, mixture densities are calculated for every feature vector for all
speakers and speaker with maximum
likelihood
 is selected as identified speaker. For

example, if S speaker models Ω1, Ω2,..., ΩS are available after the training, speaker
identification can be done based on a new speech data set. First, the sequence of
feature vectors X = {x1 , x2 , .., xT } is calculated. Then the speaker model ŝ is determined which maximizes the a posteriori probability P (ΩS |X). That is, according to
the Bayes rule [1]
ŝ = max P (ΩS |X) = max
1≤s≤S

1≤s≤S

P (X|ΩS )
P(ΩS ).
P(X)

(C.19)

Assuming equal probability of all speakers and the statistical independence of the
observations, the decision rule for the most probable speaker can be redefined as
ŝ = max

1≤s≤S

T


log P(xt |Ωs )

(C.20)

t=1

with T the number of feature vectors of the speech data set under test and P(xt |Ωs )
given by Eq. (C.1).
Decision in verification is obtained by comparing the score computed using the
model for the claimed speaker ΩS given by P (ΩS |X) to a predefined threshold θ .
The claim is accepted if P (ΩS |X) > θ , and rejected otherwise [2].
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