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Abstract. Feature extraction is an important step for speaker recogni-
tion systems. In this paper, we generated MFCC (Mel Frequency Cep-
stral Coefficients) and LPCC (Linear Predictive Cepstral Coefficients)
from LP residual of speech signal, instead their calculation directly from
speech samples. These features represent complementary vocal cord
information’s. In this work, Universal Background Gaussian Mixture
Models (GMM-UBM) and Gaussian Supervector (GMM-SVM ) based
speaker modeling have been used. Experimental results, using, ARADIG-
ITS data-base, show the efficiency of the GMM-SVM based approach
associated with feature vectors issued from LP residual signal.

Keywords: LPC, LPCC, LP residual, MFCC, GMM-UBM, GMM-SVM,
Speaker Recognition.

1 Introduction

Voiced speech is usually used for speaker recognition. But in text-independent
speaker recognition it would be better to use special voiced phonems which are
present in all words. In the source-filter model of human speech production, the
speech signal is modeled as the convolutional output of a vocal source excita-
tion signal and the impulse response of a vocal tract filter system [1]. Cepstral
features [2] such as Mel-frequency cepstral coefficients (MFCCs) and linear pre-
dictive cepstral coefficients (LPCCs) have been the dominant features for a long
time in speaker recognition. These features are believed to provide pertinent
cues for phonetic classification and have been successfully implemented in most
existing speaker recognition systems [3]. This indicates that MFCC and LPCC
features capture properties of vocal tract and contain important speaker-specific
information. Since MFCCs capture a mixture of phonemic and speaker-related
information, their use has resulted in good performance in speaker recognition.
In [4], the standard procedures for extracting MFCC and LPCC features were
applied to LP residual signals, resulting in a set of residual features for speaker
recognition. In linear predictive (LP) modeling of speech signals, the vocal tract
system is represented by an all-pole filter. The prediction error, which is named
the LP residual signal, contains useful information about the source excitation.
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In [5], the speaker information present in LP residual signals was captured us-
ing an auto-associative neural network model and in [6] features extracted from
linear predictive (LP) analysis were used. Despite these investigations, state-of-
art systems are mostly based on the Mel cepstral frequency coding (MFCC) or
the linear predictive cepstral coding (LPCC). Indeed, these short-term features
have proven their efficiency in terms of performances and are adapted for the
Gaussian mixture models (GMMs).

Current state of the art systems for text-independent speaker recognition use
cepstral coefficients as base features, and speaker modeling techniques, such as
Universal Backgrounds Gaussian Mixture Models (GMM-UBM) and Gaussian
Supervector (GMM-SVM). These later are two successful approaches recently
used. The first approach uses a speaker model which is formed by MAP adapta-
tion of the means of the UBM. In the second approach, the GMM supervector is
formed by stacking all mean vectors of the adapted model and is classified using
a Support Vector Machines (SVM)[7], [8], [9].

This paper deals with the MFCC and LPCC feature extraction techniques
based on LP residual signal. Section 2 provides feature extraction technique.
Then, Sections 3 elaborates speaker modeling principles. In Section 4, we discuss
the evaluation of speaker recognition performance, followed by conclusion in
Section 5.

2 Feature Extraction

2.1 Linear Prediction (LP) Residual

Linear prediction (LP) is the process of predicting future sample values of a
digital signal from a linear system. It is therefore about predicting the signal
x(n) at instant n from p previous samples as in Eq. (1)

x(n) =

p∑

i=1

aixn−i +Ge(n) (1)

Where a1, a2, ..., ap are the Linear Prediction Coefficients (LPCs), p is the model
order, G and e(n) are the excitation gain and source, respectively. The LPCs are
derived adaptively for each 20-30 ms speech frame by minimization of excitation
mean square energy. For simplicity, we will assume that the order of LP model
is uneven, p = 2m − 1. The LPC spectrum or the transfer function of the LP
filtering is defined by:

H(z) =
G

A(z)
(2)

Where

A(z) = 1−
2m−1∑

i=1

aiz
−1 (3)
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2.2 Cepstral Linear Prediction Coding (LPCC)

The cepstrum coefficients {cepsq}Qq=0 can be estimated from the LPC coefficients

{aq}pq=1 using a recursion procedure:

cepsq =

⎧
⎪⎨

⎪⎩

ln(G), q = 0

aq +
∑q−1

k=1
k−q
q akcepsq−k, 1 �q�p∑p

k=1
k−q
q akcepsq−k, p <q�Q

(4)

Where G is the gain term in the LPC model, p the LPC model order, and Q+1
the number of cepstrum coefficients.

2.3 Mel Frequency Cepstral Coefficients (MFCC)

The most commonly used feature vector in speech recognition is composed of
Mel-Frequency Cepstral Coefficients (MFCC). The MFCC extraction is done in
three steps:

1. Step 1-a: Cut up the signal in several overlapping windows;

2. Step 1-b: To decrease the spectral distortion, a Hamming windowing is ap-
plied to signal frames;

W (n) = 0.54− 0.46 ∗ cos( 2πn

N − 1
) (5)

Where N is the window size.

3. Step 2-a: Apply the FFT ;

4. Step 2-b: The Mel-frequency scale is applied using the following transforma-
tion formula;

Mel(f) = 2595 ∗ log10(1 + f

700
) (6)

5. Step 2-c: Apply the logarithm after the Mel scale;

6. Step 3: Finally, obtain the discrete cosine transform (DCT) of the output
signal.

3 Classifiers

3.1 Gaussian Mixture Model Universal Background (GMM-UBM)

The speaker recognition system is a Gaussian mixture model-universal back-
ground. The GMM-UBM approach is the state of the art system in text- inde-
pendent speaker recognition [10]. This approach is based on a statistical modeling
paradigm, where a hypothesis is modeled by a GMM model:
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p(x|λ) =
i<m∑

i=1

αiN(x|μi,
∑

i

) (7)

Where αi, μi and
∑

i respectively, the weights, the mean vectors, and the covari-
ance matrices (generally diagonal) of the mixture components. During a test, the
system has to determine whether the recording Y was pronounced by a given
speaker S. This question is modeled by the likelihood ratio;

p(x|λhyp)

p(x|λhyp)
≥ τ (8)

Where Y is the test speech recording, λhyp is the model of the hypothesis where
S pronounced Y , λhyp corresponds to the model of the negated hypothesis ( S
did not pronounce Y ), p(y|m) is the GMM likelihood function, and τ is the
decision threshold. The model λhyp is a generic background model, the so-called
UBM, and is usually trained during the development phase using a large set
of recordings coming from a large set of speakers. The model λhyp is trained
using a speech record obtained from the speaker S. It is generally derived from
the UBM by moving only the mean parameters of the UBM, using a Bayesian
adaptation function.

In this study The GMM-UBM system is the LIA SpkDet system [11] based on
the ALIZE platform3 and distributed under an open source license. This system
produces speaker models using MAP adaptation by adapting only the means
from a UBM. The UBM component was trained on a selection of 60 corpus.
For all the experiments, the model size is 128 and the performances are assessed
using DET plots and measured in terms of equal error rate (EER) and minimum
of detection cost (minDCF).

3.2 Support Vector Machines (SVM)

The support vector machine (SVM ) [8] is a two-class classier constructed from
sums of a kernel function k(·, ·),

f(x) =

L∑

i=1

αitik(x, xi) + d (9)

Where ti are the ideal outputs,
∑L

i=1 αiti = 0, i = 0 and α > 0. The vectors
xi are support vectors and obtained from the training set by an optimization
process [11]. The ideal output are either 1 or −1, depending upon whether the
corresponding support vector is in class 0 or class 1, respectively. For classifica-
tion, a class decision is based upon whether the value, f(x) , is above or below
a threshold. The kernel k(·, ·) is constrained to have certain properties, so that
k(·, ·) can be expressed as :

k(x, y) = b(x)tb(y) (10)
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Where b(x) is a mapping from the input space (where x lives). For a sepa-
rable data set, SVM optimization chooses a hyperplane in the expansion space
with maximum margin [7], [8]. The data points from the training set lying on
the boundaries are the support vectors in equation (1). The focus of the SVM
training process is to model the boundary between classes in [7], [8].

3.3 GMM Supervector (GMM-SVM)

Gaussian mixture models with universal backgrounds is constructed by MAP
adaptation of the means of the UBM. A GMM supervector is constructed by
stacking the means of the adapted mixture components. We assume we are given
a Gaussian mixture model universal background model (GMM-UBM):

p(x|λ) =
i<m∑

i=1

αiN(x|μi,
∑

i

) (11)

Where αi are the mixture weights, m indicates a Gaussian density and , μi and∑
i are the corresponding mean and covariance. From a speaker utterance, the

GMM-UBM model is adapted by Maximum A Posteriori (MAP) adaptation to
provide the speaker GMM model. Generally, only the means 1i of Gaussian com-
ponents are adapted. In this case, all GMMs have the same covariance matrices∑

i and differ only in means. As a consequence, for SVM classification, each
model is represented only by the concatenation of all GMM Gaussians mean
vectors, that is, a GMM supervector [12].

4 Results and Discussions

4.1 Speech Database and Features Extraction

Arabic digits, which are polysyllabic, can be considered as representative elements
of language, because more than half of the phonemes of the Arabic language are
included in the ten digits. The speech database used in this paper is a part of
the database ARADIGITS [13]. It consists of a set of 10 digits of the Arabic lan-
guage (zero to nine) spoken by 60 speakers of both genders with three repetitions
for each digit. This database was recorded by Algerian speakers from different re-
gions aged between 18 and 50 years in a quiet environment with an ambient noise
level below 35 dB, in WAV format, with a sampling frequency equal to 16 kHz.
In this work we used the ”long training / short test” for speaker recognition on
ARADIGITS. The features corresponding to the six digits (from zero to five, with
concatenation of three repetitions ) are used for training each speakermodel. Only
60 speakers of the database are used in the speaker identification system for test-
ing. Four digits( from six to nine) of every speaker is tested separately (60x4=240
test patterns of seconds each, in average). The experiments are totally text inde-
pendent. Speaker utterances were represented by 19 coefficients LPCC or MFCC,
with their first derivatives and the delta energy.Altogether, a 40 coefficients vector
is extracted from each LP residual, based speech signal frame. Mean subtraction
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and variance normalization were applied to all features. Figure 1 shows the speech
waveforms and the corresponding LP residual signals, of the vowel /a/ from the
sound /wahid/ uttered by two different female speakers. We can see the differ-
ences between the two segments of residual signals. In addition to the difference
between their pitch periods, the residual signal of speaker A shows much stronger
periodicity than that of speaker B.
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Fig. 1. Speech waveform, LP residual signals and Fourier spectra of LP residual signal
of two female speakers; Speaker A in the left and speaker B in the right

4.2 Experimental Results

We evaluate the speaker recognition performances of MFCC and LPCC individ-
ually like baseline system, using both GMM-UBM and GMM-SVM classifiers.
In addition, we evaluate these classifiers with MFCC or LPCC extracted from
LP residual signal, using the same evaluation database. The EER performance
of the baseline system are shown in Figure 2. The best performance are obtained
with MFCC based GMM-SVM, 91% in average. Figure 3 shows the recognition
performance of MFCC and LPCC features extracted from LP residual signal.
The MFCC extracted from LP residual and based GMM-SVM achieved the
best performance (it is found at 88% in average). Experimental results show
that the GMM-SVM using MFCC features gives the best performances, and
MFCC features outperform the MFCC extracted from LP residual, because in
frequency domain, the useful temporal information, the amplitudes and the time
locations of pitch pulses, are not represented in the Fourier spectra of LP resid-
ual. To characterize the time-frequency characteristics of the pitch pulses, others
transformations like wavelet are more appropriate than the short-time Fourier
transform.
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Fig. 2. The performance of GMM-UBM and GMM-SVM systems with MFCC and
LPCC features extracted from ARADIGITS database
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Fig. 3. The performance of GMM-UBM and GMM-SVM systems with MFCC and
LPCC features extracted from LP residual signal

5 Conclusion

This paper investigates MFCC and LPCC features extraction from LP residual
signal based on both GMM-UBM and GMM-SVM classifiers. We have shown
that the MFCC and LPCC features based LP residual contain speaker-specific
information for speaker recognition applications, and the MFCC features provide
additional information in speaker recognition. This work shows the possibility of
performing speaker recognition by extracting features directly from LP residual
signal.
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