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Abstract— Speaker identification is the task of pointing, in a well-defined set of possible individuals, the one
who produced the utterance. The state-of-the-art in this research branch is still far short of what is needed to
meet the current demand for highly efficient systems under adverse conditions (e.g., low Signal-to-Noise Ratio).
In this paper, we proposed a new feature vector by exploiting only the high discriminatory capability spectral
regions. The coefficients (we called them as LT-LFCCs) of these regions were extracted from the speech signal by
long-term processing. The concatenation of them results in the proposed long-term feature vector. We combined
the LT-LFCCs and MFCCs log-likelihoods to perform text-independent speaker identification at different levels
of SNR. This fusion resulted in impressive robustness gain compared to the use of only traditional MFCCs: there
was an 18% to 30% accuracy improvement for SNRs between 15dB and 25dB.

Keywords— Automatic Speaker Identification, Non-Uniformity in Frequency Domain of Fisher’s F-ratio,
Phonetically Invariant Vocal Tract Structures, Short- and Long-Term Parameters.

Resumo— Identificação de locutor é a tarefa de apontar, em um conjunto bem-definido de posśıveis autores,
aquele que produziu uma dada amostra de fala. O estado-da-arte nessa área ainda está aquém do necessário
para atender a elevada demanda atual por sistemas altamente eficientes em condições adversas (SNR reduzida,
por exemplo). Neste artigo, é proposto um novo vetor de caracteŕısticas explorando exclusivamente as regiões
espectrais de alta capacidade discriminatória. Os coeficientes (que aqui são chamados de LT-LFCCs) dessas
regiões são extráıdos do sinal de fala por processamento suprasegmental e concatenados para formar o vetor de
caracteŕısticas de longo-termo proposto. A log-verossimilhança dos vetores de LT-LFCCs é combinada convexa-
mente com a dos MFCCs para realizar identificação de locutor (independente de texto) sob diferentes patamares
de SNR. Essa fusão resultou em um aumento significativo de robustez relativamente ao uso exclusivo dos MFCCs
tradicionais: houve um ganho de 18% a 30% na acurácia para SNRs entre 15dB e 25dB.

Palavras-chave— Identificação Automática de Locutor, Não-Uniformidade no Domı́nio da Frequência da
Razão-F de Fisher, Estruturas do Trato Vocal Foneticamente Invariantes, Parâmetros de Curto e Longo-Termo.

1 Introduction

Human voice processing is a largely explored
area. Examples include human-machine inter-
faces (Raychowdhury et al., 2013), human behav-
ior modeling (Narayanan and Georgiou, 2013), vo-
cal pathologies detection (Maciel et al., 2010), and
speaker recognition (Almaadeed et al., 2015; Desai
and Pujara, 2016). Classically, the recognition en-
compasses the verification and identification tasks
(Reynolds, 1995; Gunson et al., 2015). In this ar-
ticle, we mainly address the speaker identification
task, where the incoming speech is compared with
one known voice (Reynolds, 1995).

Nowadays, many facts bring the need of more
efficient and robust automatic speaker identifica-
tion systems, such as the continuous expansion
of e-commerce, the increased number of voice-
command devices, and the high volume of audio
being produced, transmitted and stored (Hansen
and Hasan, 2015). In the forensic context, cur-
rent automatic speaker identification systems are
not yet reliable enough to dispense a specialist
intervention (Gold and French, 2011; Morrison
et al., 2016).

The fusion of short and long-term features1

1According to the time span of its parameters, a feature
is of short or long-term.

is argued to be an alternative for increasing the
robustness of identification process against noise
interference and channel distortion (Hansen and
Hasan, 2015). The MFCCs (Mel-Frequency Cep-
stral Coefficients) are consolidated as the appro-
priate parameters for representing the short-term
information (Friedland et al., 2009). However, for
the long-term one, there is no consensus about
what should be extracted from the voice signal
(Hansen and Hasan, 2015).

In this way, based on recent studies (Delvaux
and Howard, 2014; Hyon et al., 2014), we propose
here let the long-term information parameters
be the suprasegmental LFCCs (Linear Frequency
Cepstral Coefficients) (Mporas et al., 2007) gotten
exclusively from the spectral regions with high dis-
criminatory capability (the complementary bands
are considered “dead zones” in our approach).
For obvious reasons, these ones LFCCs are called
LT-LFCCs (Long-Term Linear Frequency Cepstral
Coefficients) by us.

In order to experimentally validate the sug-
gested parameters (LT-LFCCs), we use a speaker
identification system based on convex combina-
tion of the short and long-term log-likelihoods
(Friedland et al., 2009). In such strategy, the rele-
vance of each classifier for the global performance

XIII Simpósio Brasileiro de Automação Inteligente

Porto Alegre – RS, 1o – 4 de Outubro de 2017

ISSN 2175 8905 1390



is controlled by a α-value (0 ≤ α ≤ 1). In all the
tests performed (i.e., for each SNR of the test-
ing utterances), the optimum α did not reach the
upper limit that would exclude the long-term clas-
sifier (α = 1).

We compare our system against the tradi-
tional approach that only considers the short-term
information (MFCCs parameters). For the com-
parisons, we used voice signals from the European
project AMI (Carletta et al., 2005). The training
utterances were not submitted by us to any degra-
dation. However, in order to evaluate the systems
robustness, different levels of Gaussian noise were
added to the each testing utterance.

Results showed that for SNRs in the range of
15dB to 25dB, the accuracy of our identification
system is higher (18% to 30% higher) than the one
obtained by the system based solely on MFCCs.

This paper is organized as follows. Section
2 refers to studies that inspired our proposal of
new long-term parameters. Section 3 describes the
data set, the feature vectors extraction method,
the statistical modeling, the experimental setup,
the fusion method, the performance metric and
computational resources. The experimental re-
sults with discussion and conclusion are presented
in Section 4 and Section 5, respectively.

2 Related Studies

The authors of (Delvaux and Howard, 2014) and
(Hyon et al., 2014) highlight the discriminating
potential of some vocal tract appendices histor-
ically ignored in its acoustic modeling. In such
ones studies, piriform and paranasal sinuses are
pointed as morphological structures with signifi-
cant discriminatory capability.

These ones appendices present different geo-
metric shapes among speakers, but they are mor-
phologically invariant during the utterances pro-
duction (Hyon et al., 2014). This means that they
are not associated with phonetic-linguistic infor-
mation (i.e., dynamic information), in opposition
to the volumetric spaces that vary by dynamic
articulators (e.g., tongue, jaw and lips) (Hyon
et al., 2014).

In addition to being static during speech dy-
namism and intrinsic to each speaker, these ones
appendices cause anti-resonances (i.e., spectral ze-
ros) in well-defined frequency bands. For example,
the piriform sinus induces spectral attenuation in
the range between 4.0 and 5.0 kHz (Delvaux and
Howard, 2014; Hyon et al., 2014).

From these findings, it is quite natural to sug-
gest that the individualization capacity of a spec-
tral feature parameter be strongly heterogeneous
along the frequency domain. Indeed, experimen-
tal curves obtained in (Lu and Dang, 2008) for
the Fisher F-ratio versus frequency are not mere
horizontal lines (actually, the profile of these ones

curves presented several peaks and valleys). Ac-
cording to (Lu and Dang, 2008), 03 spectral bands
stand out for their high capacity of individualiza-
tion (peaks of Fisher F-ratio): B0 = [0.075; 0.525],
B1 = [4.0; 6.0] e B2 = [6.7; 7.7] (kHz).

The relation between invariant structures
(i.e., quasi-static during speech) and the bands
of greatest individualization capability led us to
propose here the spectral parameters restricted to
these ones frequency regions to represent the long-
term information in fusion-based speaker identifi-
cation systems.

3 Experiment

3.1 Database

In the experimental evaluation, we used speech
signals from the AMI (Augmented Multi-party In-
teraction) database. This one has approximately
100 meeting hours (in English language), each one
with 20-40 minutes and 04 participants (Carletta
et al., 2005).

In the AMI database, an important “wav” file
from each meeting is named “HeadsetMix”. Such
one file results from concatenation of 04 headsets
and, therefore, it presents negligible noise level. In
this work, the utterances for training and test were
extracted from an “HeadsetMix” file as explained
below.

3.2 Training and Test Utterances

First, were extracted perceptually the utterances
u+∞s,τ , τ = 1, ..., 10, from each speaker s, s =
1, 2, 3, 4. Each of 10 utterances indexed by τ has
duration around 3 seconds. The superscript +∞
means noise free.

Next, the speaker s utterances were unified
to generate the signal u+∞s (t) = ∪τ=10

τ=1 {u+∞s,τ } of
about 30 seconds shown in the yellow line at the
top of Figure 1.

u+∞s,1 u+∞s,2 u+∞s,3 · · · u+∞s,9 u+∞s,10
u+γis,1 u+γis,2 u+γis,3 · · · u+γis,9 u+γis,10

u+γis,1 u+∞s,2 u+γis,3 · · · u+∞s,9 u+∞s,10

Figure 1: The top-yellow line is the u+∞s (t) signal
and the middle-blue line is its noisy version named
u+γis (t). The merged signal in the bottom line
has 8 utterances from u+∞s (t) and 2 ones from
u+γis (t). These 2 were separated for the test phase
and those 8 were used in the speaker s training.

Later, Gaussian noise were added in u+∞s (t)
in order to obtain its generic noisy version u+γis (t)
shown in the blue line between top and bottom
of Figure 1. The imposed SNR levels were γi =
15 + 5i (in dB), i = 0, 1, 2, 3.

In the speaker s training, were used 8 utter-
ances from u+∞s (t). The noisy versions from the 2
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remaining utterances of u+∞s (t) were used in the
test phase. This strategy is outlined in the bottom
line of Figure 1.

In order to increase the number of tests in
the accuracy evaluation for a given +γi, were em-
ployed 10 from the 45 (= (10!)/(2!8!)) possible
combinations. Thus, as there are 4 speakers, a to-
tal of 40 double utterances (with SNR +γi) were
submitted to identification by each system (“Base-
line” and Proposed). Of course, the speaker s
models (the short-term model and the long- one)
had to be trained with the 8 complementar“clean”
utterances for each one from the 10 combinations.

3.3 Feature Vectors Extraction

According to the generic flux diagram in Figure 2
(see Fig. 6 in (Hansen and Hasan, 2015)), firstly,
the utterance’s temporal serie is segmented by a
multiplicative Hamming sliding window (there is
superposition since the step is always shorter than
the window length). Then, the power spectrum of
each segment is calculated by FFT (“Fast Fourier
Transform”). Later, the Term-Sensitive Pro-
cessing block generate one feature vector from
each log power spectrum. Both, the Hamming
window and the term-sensitive block, are adjusted
according to the type of feature to be extracted
(short- or long-term), as detailed in 3.3.1 and
3.3.2.

Figure 2: General scheme for the feature vectors
generation. The utterance’s temporal serie is seg-
mented by a Hamming sliding window. Then, the
discrete Fourier transform for each segment is cal-
culated by FFT. Later, the log power spectrum
is processed in the frequency domain in order to
generate the respective feature vector. Both, the
Hamming window and the term-sensitive process-
ing are adjusted according to the type of term to
be extracted (short or long).

In the Baseline system front-end (i.e., in the
Traditional), a single feature vector (filled with
MFCCs) is obtained for each time step of the short
window sliding over the utterance under analysis
(Hansen and Hasan, 2015). In the Proposed sys-
tem, on the other hand, the extraction process ob-
tains two vectors by applying two windows with
different lengths. The shorter one provides the
MFCCs feature vector (xshortt ) and the longer win-

dow supplies the LT-LFCCs feature vector (xlongt ).

These two windows were slided simultaneously
with the same step and with their initial points
always coincident. Moreover, for a given utter-
ance, the amount of extracted MFCCs vectors is
equal to that of LT-LFCCs (i.e., we chose to dis-
card the short-term vectors surplus that occurs at
the end of each utterance).

3.3.1 Short-Term Vector: MFCCs

A Hamming window of 30 ms duration with a 10
ms sliding step was used for generating each fea-
ture vector of short-term xshortt . Additionally, the
filter bank in Figure 3 was used for performing the
Term-Sensitive Processing of the Figure 2.

Figure 3: Generation of MFCCs vector (xshortt )
from the power spectrum logarithm over a seg-
ment with initial point in t. The position of each
triangle filter defines the frequency where is sam-
pled each log-energy. The DCT’s leading coeffi-
cients are the elements of vector xshortt (i.e., they
are the MFCCs).

As shown in Figure 3 block diagram, the log
power spectrum of each segment is processed by a
bank whose triangle filters are spaced non-linearly
along the frequency. This yields a log-energy value
for each filter present in the bank. Then, the
DCT (“Discrete Cosine Transform”) is calculated
over these log-energy values. Finally, the lead-
ing coefficients after this one transform constitute
the MFCCs. For further details, see (Hansen and
Hasan, 2015; Sharma and Ali, 2015).

The sampling rate of all utterances used in
this paper is 16 kHz. Thus, the bandwidth of
the filter bank in Figure 3 was limited by us to 8
kHz. We employed a bank with 48 triangle filters
distributed logarithmically between 75 Hz and 8
kHz. From DCT, we retained 17 leading coeffi-
cients. However, the xshortt used in this paper has
19 elements because we appended the “delta” pa-
rameters (i.e., ∆ and ∆−∆), which describe the
dynamic properties of the MFCCs (Ambikairajah
et al., 2011).

Although the MFCCs extraction method be
known a long time, we put it here in order to facil-
itate the perception of similarities and differences
regarding the LT-LFCCs one proposed by us.
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Figure 4: Proposed method for extracting the LT-LFCCs vector from the log power spectrum of a segment
with initial point in t (i.e., for xlongt extraction, this scheme performs the Term-Sensitive Processing
shown in Figure 2). The three bands observed in this diagram are given by: B0 = [0.075; 0.525],
B1 = [4; 6] e B2 = [6.7; 7.7] (in kHz). From each one, were obtained 48 values of log-energy (with 48
equidistant triangle filters) for calculation of the DCTs. Lastly, the respective leading coefficients (i.e.,

1, 6, 6) were stacked for to form the our proposed LT-LFCCs vector (xlongt ) with 13 elements.

3.3.2 Long-Term Vector: LT-LFCCs

In order to extract the LT-LFCCs vector (xlongt ),
we adopted a suprasegmental Hamming window
of 200 ms with a sliding step of 10 ms. This win-
dow is synchronized with the xshortt window (i.e.,
their initial points are always coincident). Conse-
quently, for each 10 ms step, the global extraction
process provides a pair of vectors denoted here by
xt = (xshortt ,xlongt ).

We employed the general scheme of Figure 2
also for obtaining the LT-LFCCs, but this time we
applied the proposed scheme in Figure 4 for per-
forming the Term-Sensitive Processing. The
main idea is to form the xlongt by concatenating
the coefficients extracted from 3 distinct bands,
B0 = [0.075; 0.525], B1 = [4; 6] and B2 = [6.7; 7.7]
(in kHz). Such bands were chosen respecting
the discriminatory capacity previously discussed
in Section 2. It’s important to highlight that the
traditional calculation of LFCCs considers the full
frequencies band (Mporas et al., 2007).

We used 48 equidistant filters in each band
for the sampling of the log-energy (see Fig. 6 in
(Hansen and Hasan, 2015)). From the DCT per-

formed over each 48 values collection, we retained
a single leading coefficient for B0 and six ones for
B1 and B2. Following the scheme in Figure 4, the
last procedure in our method is the stacking of
such coefficients, resulting in a xlongt vector with
13 LT-LFCCs.

3.4 Statistical Modeling

For an utterance with T segments, the speaker
is a source emitting the observed sequence X =
{x1,x2, ...,xt, ...,xT } as it moves along hidden
states. Due to various phenomena (e.g., the coar-
ticulation one), “a sound” produced twice by a
person hardly is the same. Thus, when revisiting
a hidden state, eventually the source may emit dif-
ferent vectors in each situation. A consistent way
of capturing this fluctuation is using a statistical
distribution for emission of xt (Reynolds, 1995).

In this paper, we simply splitted the source
of xt = (xshortt ,xlongt ) in two sub-sources, one for

xshortt and other for xlongt . Thereby, our statistical
modeling consisted of obtaining independently a
short-term model and a long-term model for each
speaker, as presented in the following.
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3.4.1 Short-Term Model

The probability of a region inside RD to con-
tain a x vector provided by a sub-source in the i
state may be calculated using the following multi-
dimensional Gaussian density (Reynolds, 1995):

fi(x) =
exp

[
− 1

2 (x−µi)TΣ−1i (x−µi)
]√

(2π)
D|Σi|

, (1)

where µi and Σi are the mean vector and the
covariance matrix, respectively. For readability’s
sake, in Equation 1, the“short” label was omitted.

In the text-independent identification, it’s as-
sumed that the transition probabilities between
states are all equal. Thereby, the full density is
a convex combination of Gaussian functions, i.e.
(Reynolds, 1995):

f(x|λ) =

M∑
i=1

wifi(x), (2)

where λ = (wi,µi,Σi), i = 1, ...,M , defines the
sub-source parametric model. The wi weight
is the probability of each one of the M states.
In the Figure 5, we showed graphically the for-
mation of this multimodal density (in Statisti-
cal Pattern-Recognition, it is frequently termed
GMM - Gaussian Mixture Model).

Figure 5: This diagram is representing the forma-
tion of a multimodal density by mixing M Gaus-
sian components (GMM). One can see that it is
a weighted sum of unimodal D-dimensional Gaus-
sians, where wi is the weight of the fi(x) compo-
nent defined by µi and Σi.

Thus, for obtaining the short-term model,
it’s necessary to calculate the parameters (i.e.,
the average, dispersion, and weight) of each
unimodal Gaussian component given the Xshort

sequence (= {xshort1 ,xshort2 , ...,xshortt , ...,xshortT })
extracted from an utterance provided for train-
ing. Among the techniques to estimate these pa-
rameters, here represented collectively by λshort, a
well-established is the Maximum Likelihood (ML).

In the ML estimation of the GMM model,
given the Xshort training sequence, the goal is

to find λshort (i.e., wshorti , µshorti , Σshort
i , i =

1, ...,M) that maximizes the following likelihood
function (Reynolds and Rose, 1995):

L(λshort) =

T∏
t=1

M∑
i=1

wshorti fi(x
short
t ) (3)

The maximization “point” of this multivariate
non-linear function is reached by the Expectation-
Maximization iterative method. From an initial
solution provided, it updates λshort until the con-
vergence to the maximum likelihood estimator
(MLE) (Reynolds and Rose, 1995).

The convex combination of Gaussian func-
tions is able to represent a wide range of distri-
butions (Reynolds, 1995). This capability is evi-
dent in the Figure 6. The three subplots represent
the experimental distribution of values for a single
MFCC. In the Figure 6, (a) is the normalized his-
togram, (b) is the unimodal Gaussian and (c) is
the 24 components GMM. The unimodal Gaussian
and GMM models had smooth adjustment along
of the observed support. However, only the GMM
detailed the multimodal profile of real density.

Figure 6: Comparison of statistical models: (a)
amplitude histogram of a single coefficient of the
xshortt vector for a male adult speech with 60 sec-
onds; (b) unimodal Gaussian model; (c) GMM
model with 24 Gaussians.

In the comparison between proposed and
“baseline” systems, we used in both the same
short-term model with M = 32 Gaussian com-
ponents 19-dimensional. In our preliminary per-
formance tests, this one M value was better than
M = 8 and 16, but it was similar to M = 64. For
more details on the GMM order choice, see the
seminal paper (Reynolds and Rose, 1995).

3.4.2 Long-Term Model

In order to obtain the long-term model, we also
used the mixture paradigm of Gaussian functions.
We trained a GMM with M = 3 components 13-
dimensional for each speaker. In our a priori tests,
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the identification performance didn’t improve for
M above 3.

See that, while the “baseline” system employs
only the short-term model for the likelihood eval-
uation, the proposed one considers the short- and
long-term models as explained in the following.

3.5 Speaker Identification Method

According to Figure 7, for S speakers specified
by the set of models S = {λ1, λ2, ..., λS}, the
identification task is to point out which one re-
sults in the higher a posteriori probability given
a X test sequence (= {x1,x2, ...,xt, ...,xT }), i.e.,
(Reynolds, 1995):

ŝ = arg max
1≤s≤S

f(X|λs) Pr(λs)

f(X)
, (4)

where the fraction was derived from the “Bayes
Theorem” over Pr(λs|X).

Figure 7: The speaker identification process: the
X sequence extracted from the test utterance is
inputted into the system, which chooses the model
that returns the highest Pr(λs|X) value.

The entire fraction in the Equation 4 may be
simply replaced by f(X|λs), since f(X) doesn’t
change with s and the speakers are equally prob-
able (Pr(λs) = 1/|S|). Thus, assuming indepen-
dence among the elements of the X test sequence
and applying the natural logarithm, the identifi-
cation rule is simplified to (Reynolds, 1995):

ŝ = arg max
1≤s≤S

T∑
t=1

log f(xt|λs), (5)

where f(xt|λs) is the s speaker likelihood evalu-
ated on the xt ∈ X.

In order to calculate each log-likelihood in
the Equation 5, we employed the following con-
vex combination (Friedland et al., 2009):

log f(xt|λs) = α log f(xshortt |λshorts )

+ (1− α) log f(xlongt |λlongs )
(6)

In the proposed system, for each SNR level, we
used grid-search on the interval [0, 1[ for finding

the best α balance2 between short-term (MFCCs)
and long-term (LT-LFCCs) in the Equation 6. In
the baseline system (only MFCCs), the definition
forces us to employ α = 1 independently of degra-
dation level.

3.6 Performance Evaluation

The identified speaker of each test utterance with
6 s (actually, two 3 s utterances, as explained in
the 3.2 subsection) was compared to the actual
speaker. Then, the performance evaluation was
computed as the accuracy, i.e., the percent of cor-
rectly identified test utterances over all test utter-
ances. The accuracy was obtained to the proposed
and to the baseline system.

3.7 Employed Resources

In the experimental stage, we used only one con-
ventional computer, with i5 processor, 4GB of
RAM and Ubuntu 16.04 operating system. The
implementations were done in Python 2.7 lan-
guage, with the aid of scientific computation
libraries, mainly Numpy, Scipy and Matplotlib
(Oliphant, 2007). To the tasks with GMM and to
the feature parameters extraction were employed
the Scikit-Learn3 and the Bob4 packages, respec-
tively.

4 Results and Discussion

The experimental results to the systems accura-
cies are shown in the Figure 8.

Figure 8: Accuracy values of both the traditional
system with only MFCCs (Baseline) and the sys-
tem with the fusion of MFCCs and LT-LFCCs
(Proposed). One can see that, when merged to
the MFCCs, the LT-LFCCs proposed in this pa-
per implied an expressive gain in accuracy for all
tested degradation levels.

2The α value that maximizes the accuracy defined in
the 3.6 subsection.

3www.scikit-learn.org/stable/modules/mixture.html
4www.idiap.ch/software/bob/docs/releases/last/sphinx

/html/TutorialsAP.html
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In the Table 1, for each tested degradation
level and both identification systems, it is pre-
sented the appropriate α and the obtained accu-
racy. In it also is shown the Accuracy Relative
Gain (ARG), which is the ratio of the identi-
fication accuracy with fusion (MFCCs and LT-
LFCCs together) to the one without fusion (only
MFCCs).

Table 1: Accuracy Relative Gain (ARG) from pro-
posed system to the baseline one. For this system,
the α value is unitary by definition. For that one,
the merge optimum balance (i.e., the α value) was
found by grid-search for each imposed degrada-
tion level. ∗Note: In this case, we would have to
increase the test utterances amount for observing
(omnipresent) identification errors.

SNR 15 dB 20 dB 25 dB 30 dB
α 1.0 1.0 1.0 1.0

Baseline 50% 67.5% 75% 95%
α 0.945 0.945 0.950 0.955

Proposed 65% 80% 95% 100%∗

ARG 30% 18.52% 26.67% 5.26%

In the Figure 8 and the Table 1, one can see
that the identification task which included our LT-
LFCCs reached higher accuracy regarding the one
based only on MFCCs for all evaluated degrada-
tion scenarios. Despite this overall improvement,
according to Table 1, the ARG’s trend is to in-
crease as the SNR deteriorates. Therefore, the
insertion of our LT-LFCCs made the speaker iden-
tification more noise-tolerant.

In the Table 1, the optimum α remained sta-
ble and its variation limited to the second decimal
place over the imposed SNR levels. This smooth
change is interesting for practical purposes since it
means that we can employ a constant weighting (α
value) under SNR oscillation without significantly
compromising the performance.

The LT-LFCCs extraction process is similar
to that of traditional MFCCs. It differs from this
one basically in 3 aspects: its sliding window is al-
most 7 times larger, the coefficients are restricted
only to the 3 bands with high discriminatory capa-
bility and the triangle filters in each one of these
are equidistant. In other words, our LT-LFCCs
also have the advantage of being obtained by sim-
ple changes in the well-established MFCCs extrac-
tion process.

The drawback due to the inclusion of our
LT-LFCCs in the automatic speaker identifica-
tion is naturally the increase of the computational
cost. Indeed, regarding the system that uses only
MFCCs, now the front-end needs to perform the
twice of FFTs (since there are short and long seg-
ments) and the quadruple of DCTs (one for ob-
taining the MFCCs and three for the LT-LFCCs).
Furthermore, in the speaker modeling stage, there
is the need to append a long-term GMM model to
each existing short-term one.

Although the statistical model training is the
“Achilles heel” of the system computational effort,
in this regard, the long-term GMM model role is
marginal, at least in comparison to the short-term
one. Indeed, the experimental results in this pa-
per were achieved using a long-term model with
only 3 Gaussians of 13 dimensions against a typi-
cal short-term model with 32 Gaussians of 19 di-
mensions. This smaller amount of Gaussian com-
ponents in the long-term model fit is explained by
the information reduction due to the imposition
of “dead zones” in the spectrum (inter-speaker re-
dundant information decrease by suppression of
the phonetic-linguistic band, for example) and to
the smoothing provided by the greater extension
of the extraction sliding window.

5 Conclusion

In this paper, we propose new parameters for
representing speaker’s long-term information: the
LT-LFCCs. We found that its inclusion in a sim-
ple identification system based only on traditional
short-term parameters (MFCCs) implied in a im-
pressive performance gain (accuracy), especially
in scenarios with lower SNRs.

The next step of this work is to use the tra-
ditional MFCCs and our LT-LFCCs as nodes of
a Bayesian Network. This one network will be
trained to perform the speaker inference in recog-
nition tasks. Then, its performance will be com-
pared to the modern i-vector approach.
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