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Feature extraction is an essential and important step for speaker recognition systems. In this paper,
we propose to improve these systems by exploiting both conventional features such as mel frequency
cepstral coding (MFCC), linear predictive cepstral coding (LPCC) and non-conventional ones. The method
exploits information present in the linear predictive (LP) residual signal. The features extracted from
the LP-residue are then combined to the MFCC or the LPCC. We investigate two approaches termed as
temporal and frequential representations. The first one consists of an auto-regressive (AR) modelling of
the signal followed by a cepstral transformation in a similar way to the LPC–LPCC transformation. In order
to take into account the non-linear nature of the speech signals we used two estimation methods based
on second and third-order statistics. They are, respectively, termed as R-SOS-LPCC (residual plus second-
order statistic based estimation of the AR model plus cepstral transformation) and R-HOS-LPCC (higher
order). Concerning the frequential approach, we exploit a filter bank method called the power difference
of spectra in sub-band (PDSS) which measures the spectral flatness over the sub-bands. The resulting
features are named R-PDSS. The analysis of these proposed schemes are done over a speaker identifica-
tion problem with two different databases. The first one is the Gaudi database and contains 49 speakers.
The main interest lies in the controlled acquisition conditions: mismatch between the microphones and
the interval sessions. The second database is the well-known NTIMIT corpus with 630 speakers. The
performances of the features are confirmed over this larger corpus. In addition, we propose to compare
traditional features and residual ones by the fusion of recognizers (feature extractor + classifier). The re-
sults show that residual features carry speaker-dependent features and the combination with the LPCC or
the MFCC shows global improvements in terms of robustness under different mismatches. A comparison
between the residual features under the opinion fusion framework gives us useful information about the
potential of both temporal and frequential representations.

© 2008 Elsevier Ltd. All rights reserved.

1. Introduction

During the last decades, significant efforts have beenmade for the
design of efficient features for the improvement of speaker recogni-
tion systems. As a result, several features have been proposed. For
instance, Jang et al. [1] proposed an approach based on speech sig-
nal decomposition by using the independent component analysis
(ICA). It mainly consists of an optimisation of basis functions for sta-
tistical independent feature extraction. The resulting features, sim-
ilar to Gabor wavelets, increase the speaker identification rate by
7.7% compared to the discrete cosine transform (DCT) for a subset
of TIMIT. Following the speech production model (i.e. source–filter
model), some authors attempt to extract features known as speaker-
dependent such as glottal information [2]. Mary et al. [3] used the
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potential of auto-associative neural networks for capturing short-
segment (10–30ms) and sub-segmental (1–5ms) features extracted
from linear predictive (LP) analysis. This leads to the modelling of
not only traditional spectral features but also source and phase mod-
elling. The results on speaker identification show good performances
in case of combination of these features. Despite these investigations,
state-of-art systems are mostly based on the mel cepstral frequency
coding (MFCC) or the linear predictive cepstral coding (LPCC). In-
deed, these short-term features have proven their efficiency in terms
of performances and are adapted for the Gaussian mixture models
(GMMs).

In this contribution, we propose to use additional features with
the traditional ones (MFCC and LPCC) for the improvement of recog-
nition rates. These features are based on the LP-residual signal. The
paper investigates different representations for the design of a use-
ful framework for conventional speaker recognition systems. Indeed,
in the case of LPCC based systems, the extraction of LP-residual fea-
tures does not need too much computation.
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Related works on LP-residual analysis are reported in Section 2.
Section 3 presents two different representations based on temporal
and frequential models, respectively. The proposed representations
are tested on two different databases described in Section 4. The
first one is the Gaudi database [4] which allows to control the per-
formances under different conditions: interval between the sessions
and the microphones mismatch. The second one is the well-known
NTIMIT corpus which has been intensely used in speaker recognition
even if there is no mismatch between the sessions. Both databases
are used for speaker identification. The results of the experiments
are discussed in Section 5. Finally, we give conclusions and future
plans for the proposed work.

2. Related works and problem

Concerning the speech production, it is generally assumed that
the signals are the result of the excitation of the vocal tract. Under
the framework of the LP analysis, the vocal tract is associated to the
filter (linear predictive coding, LPC) and the excitation to the residual
signal. The LP analysis consists in the estimation of LPC coefficients
by minimising the prediction error. The predicted sample ŝ results
from a linear combination of the p past samples [5]:

ŝ(n) = −
p∑

k=1

aks(n − k) (1)

The LPC coefficients ak are related to the vocal tract and may also
partly capture speaker-dependent information. Indeed, derived fea-
tures from these coefficients, namely the LPCC, are intensely used in
speaker recognition tasks. The parameter p (filter order) plays a ma-
jor role in speech recognition tasks and the best scores are obtained
with 12th order whereas in speaker recognition the most used order
is 16.

Under the traditional LP analysis, the residual is obtained by the
error between the current and the predicted samples:

r(n) = s(n) − ŝ(n) (2)

Theoretically, the residual is uncorrelated to the speech signal and it
is related to the excitation which is speaker-dependent. These fea-
tures are known as source features. However, recent works on non-
linear speech processing have shown that the source-filter model is
not suitable for the speech productionmodelling [6,7]. Different phe-
nomena that occur during the production are non-linear and chaotic.
From these investigations on non-linear processing, one can assume
that there is a dependency between the speech signal and the resid-
ual.

Several investigations have been carried out to use this residual
for the improvement of speaker recognition systems [3,8–12]. Theve-
naz and Hügli [8] exploit the theoretical orthogonality between the
filter (i.e. the LPC coefficients) model and the residue model. Their
results confirm the complement nature of these representations for
speaker verification. As we mentioned previously, neural networks
have also been tested for the characterisation of the LP residual [3].
In Ref. [11], auto-associative neural networks are used for the char-
acterisation of the linear residue. They show that speaker recognition
systems can attain efficient rates by using only residual features.

For an efficient design, the methods should take into account
the nature of the residual. In the case of an original speech signal,
several investigations have been carried out [6,7,13–15]. The differ-
ent phenomena (turbulence, chaos, etc.) [13] occurring during the
production, mainly due to physiological reasons, cause the presence
of non-linearities in the speech signals. These non-linearities have
been characterised by statistical tests such as higher-order statistics
and signal distribution confirm the non-linear and non-gaussian as-
sumptions [7,16]. Consequently, several representations attempting

to model the speech signals have been investigated (for more details
see Ref. [17]). As far as the temporal models are concerned, we pre-
viously proposed to extend the auto-regressive (AR) model used in
the LPC analysis (cf. Eq. (1)) by predictive neural networks [18,19].

Given the predicted samples ŝ(n), the residual r is obtained by
subtracting the original signal s to the predicted one (cf. Eq. (2)). The
residual should contain all the information that is not modelled by
the filter (cf. Eq. (1)). The filter coefficients estimation is based on
second-order analysis (i.e. covariance, auto-correlation) which can-
not model non-gaussian processes. One can postulate that the resid-
ual has not only to be modelled by higher-order statistics but also by
second-order statistics due to the lack of efficiency of the estimation
(p order, algorithm, noise, etc.). From these considerations, several
ways can be followed to model the residual. Non-linear modelling is
one of the solutions used in several applications [11,20,21] due to the
non-linear nature of the residual [18,22]. The results show the po-
tential and confirm the presence of non-linearities. For instance, an
interesting work done by Thyssen et al. [21] suggest the presence of
non-linearities in the residual since several series of LPC analysis are
required to remove all linear information from the residual. However
one has to be careful with this approach because, it has been noticed
by Kubin [7], adaptive methods can lead to nearly Gaussian residual
signals. Other solutions can be used such as wavelet transform as in
wavelet octave coefficients of residues (WOCOR) features [12].

In this contribution, we propose to exploit the fact that the residue
conveys all information that are not modelled by the LPC filter (cf.
Eq. (1)). Unlike to previously proposed methods mainly based on
machine learning [10,20] or signal processing [12], the approach em-
ployed in this paper is based on the combination of temporal (sec-
ond and higher-order statistics for AR models) and frequential (fil-
ter banks) models. These investigations aim to show the potential of
residual speech signal processing for speaker recognition tasks. The
features extracted from the residual can be used as complementary
ones with the LPCC or even with the MFCC.

3. Proposed representations for the LP-residue

The previous sections have shown the importance of residual sig-
nals for speaker recognition tasks. The efficiency of this additional
feature is totally related to a suitable representation. In this contri-
bution, we investigate two different approaches termed as temporal
and frequential ones.

3.1. Temporal approach

The temporal approach is based on an ARmodel of the LP-residue:

r̂(n) = −
�∑

k=1

�kr(n − k) (3)

where r and �, respectively, represent the LP-residue and the filter
order, respectively. To be efficient for speech applications, cepstral
derived features have to be computed. The �k coefficients are trans-
formed into cepstral ones �k in a similar manner as the LPC–LPCC
transformation.

For the feature extraction process, two methods are investigated:
second and higher-order statistics. The first one basically consists of
a LPC analysis of the residual r followed by a cepstral derivation, re-
sulting in LPCC equivalent features. The features obtained are noted
R-SOS-LPCC features in order to make a difference from the well-
known LPCC features. LP cepstral models of the residue have been
already tested on speaker recognition [23] leading to some improve-
ments. In contrast to what is done in [23] where LP analysis of the
residual is combined to the MFCC by a linear discriminant analysis,
the residual models are considered as additional features (as the �
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Fig. 1. Temporal processing applied to the residual signal r.
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Fig. 2. Principle of the power difference of spectra in sub-band (PDSS) applied to the residual signal r.

coefficients). The next method is also based on an AR model (Eq. (3))
but with the estimation of higher-order statistics.

The traditional LPC analysis is based on second-order statistics [5]
such as the covariance and auto-correlation methods. The LPC coef-
ficients (Eq. (1)) are obtained by the resolution of the Yulke–Walker
equations [5] defined as a function of the coefficients ak and the
auto-correlation R (i.e. second-order statistic). A natural extension to
this procedure consists of the definition of equivalent Yulke–Walker
equations but with higher-statistics such as third-order or fourth-
order moments. In speech recognition, Paliwal et al. [24] applied
similar ideas for the estimation of an AR model. They used a con-
strained third-order cumulant approach, noted C, resulting in equiv-
alent Yulke–Walker equations:

p∑
k=0

akCk(i, j) = 0 (4)

with 1� i�p, 0� j� i.
The third-order cumulant of signal s is defined as

Ck(i, j) =
M∑

m=p+1

sm−ksm−ism−j (5)

where M is the analysis window size which is equivalent to the one
used for the auto-correlation in the LPC computation.

Following this formulation, a traditional recursion algorithm is
used for the estimation of AR coefficients [24]. Derived cepstral fea-
tures, similar procedure as the LPC–LPCC transformation, are applied
to noisy speech recognition. The results show that at low SNR (20dB)
the cumulant estimation outperforms the auto-correlation one but
it is not the case for higher SNRs.

In this contribution, we use similar models but, rather than ap-
plying them to the signal s (Eq. (1)), we apply them to the residual

r (Eq. (3)). They are named R-HOS-LPCC. Fig. 1 represents the tem-
poral analyses compared in this paper.

3.2. Frequential approach

Unlike the previous approach, in this section, we describe fre-
quential processing of the residual signal r (Eq. (2)). This approach
was originally proposed by Hayakawa et al. [25] and was called the
power difference of spectra in sub-band (PDSS). They tested it on a
speaker identification problem. The R-PDSS features gave a rate of
66.9% and the combination with LPCC features gave 99% (99.8% for
the LPCC alone).

The R-PDSS features are obtained by the following steps (cf.
Fig. 2):

• Calculate the LP-residual r.
• Fast Fourier transform of the residual using zero padding in order

to increase the frequency resolution: S = |fft(residue)|2.
• Group the power spectrum into M sub-bands.
• Calculate the ratio of the geometric to the arithmetic mean of the

power spectrum of the ith sub-band and subtract from 1:

R − PDSS(i) = 1 −
(
∏Hi

k=Li
S(k))1/Ni

1/Ni
∑Hi

k=Li
S(k)

(6)

where Ni =Hi − Li + 1 is the number of frequency samples in the ith
sub-band. Li and Hi are, respectively, the lower and upper frequency
limits of the ith sub-band. The same bandwidth is used for all the
sub-bands.

Cepstrum analysis of the residual has been also investigated in
speech recognition [26]: filter bank analysis of the one-sided auto-
correlation of the residual r plus a cepstral transformation. The fea-
tures obtained named as residual cepstrum (RCEP) present some
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linguistic information and in combination to the LPCC, improves the
recognition rates. This result and the previous arguments (cf. Section
2) concerning the source-filter model are interesting because they
prove that linguistic and speaker information are present in both the
features: LPCC and residual. The rest of this contribution is dedicated
to the experiments and the discussion on the proposed features.

4. Experimental conditions

This section is dedicated to the description of the used corpus
and the different tasks that we addressed for the evaluation of the
proposed feature extraction schemes. These features are obviously
compared to the most used methods such as the MFCC and the LPCC.
The dimension of feature vectors is set to 16 for both the traditional
and residual ones (cf. Section 3, � = M = 16).

4.1. Databases

4.1.1. Gaudi
The Gaudi database [4,27] was originally designed in order to

measure the performances under different controlled conditions:
language, interval session and microphone. The corpus is composed
of:

• 49 speakers;
• four sessions with different tasks: isolated numbers, connected

numbers, text reading, conversational speech, etc.);
• for each session, the utterances have been acquired in two lan-

guages (Catalan and Spanish) and simultaneously with different
microphones as described in Table 1.

In this contribution, the training protocol consists of using one text
reading of an average duration of 1min using session 1 and MIC1.
Consequently, the training session is always done with M1. Con-
cerning the tests, we use nine phonologically balanced utterances
(Spanish) identical for all the speakers through the sessions (3–5 s):
M1–M6. We focus on the first three sessions with different micro-
phones (cf. Table 2). The number of tests is 49 × 9 = 441 for each
session and the average score is estimated on 49×9×6=2646 tests.

The speech signal has been down-sampled to 8kHz (producing a
telephonic bandwidth), pre-emphasised by a first-order filter whose
transfer function isH(z)=1−0.95z−1 and normalised between−1,+1
(for cumulant estimation). A 30ms Hamming window is used, and
the overlapping between adjacent frames is 2

3 . A parameterised vec-
tor of 16th order was computed for each feature extraction method.

Table 1
The microphones used for the Gaudi database

MIC1 SONY ECM 66B Lapel unidirectional electret (≈ 10 cm from the speaker)
MIC2 AKG D40S Dynamic cardoid (≈ 30 cm from the speaker)
MIC3 AKG C420 Head-mounted (low-cost microphone)

Table 2
Different sessions and microphones

Ref. Session Microphone

M1 1 MIC1
M2 1 MIC2
M3 2 MIC1
M4 2 MIC2
M5 3 MIC1
M6 3 MIC3

4.1.2. NTIMIT
The NTIMIT database [28] is a telephonic version of the TIMIT

corpus including local and long distance calls. The database contains
630 speakers (438 male and 192 female) and each of them have
uttered 10 sentences:

• Two different sentences SA1 and SA2. They are the same across
the 630 speakers and they have an average duration of 2.9 s.

• Eight sentences different across the speakers: three SI (average
duration of 2.9 s) and five SX sentences (average duration of 3.2 s).

Contrary to the Gaudi database (cf. Section 4.1.1), NTIMIT contains
only single session recordings with a fixed handset. However this
database has been largely used for speaker recognition applications
[29–31]. In spite of these successful applications, results on this
database are useful because they can be compared easily. Lot of train-
ing and test protocols have been defined for NTIMIT [29–31]. In this
article, we use the protocol called “long training–short test” initially
proposed by Bimbot et al. [29] which consists of:

• “long training”: the five SX sentences are concatenated as a single
reference pattern for each speaker. As a result, the “long training”
pattern average duration is 14.4 s.

• “short test”: SA and SI sentences are tested separately resulting in
630 × 5 = 3150 tests (with an average duration of 3.2 s).

The training duration is less than the one used for the Gaudi
protocol but with more utterances for test and consequently the
obtained results have a higher statistical significance [29].

The speech signal is recorded through a high quality microphone
and is sampled at 16kHz but with a bandwidth of 300–3400Hz
(telephone bandwidth). A 31.5ms Hamming window is used at a
frame rate of 10ms.

4.2. Speaker identification method

For the evaluation of feature schemes, we test them on the
speaker identification problem using both the databases: Gaudi (cf.
Section 4.1.1) and NTIMIT (cf. Section 4.1.2).

The speaker models have been designed by a simple second-
order statistic method. A covariance matrix (C) is computed for each
speaker and the arithmetic-harmonic sphericity measure [32] is ap-
plied for comparison:

�(Cj,Ctest) = log(tr(CtestC
−1
j ) tr(CjC

−1
test)) − 2 log(P) (7)

where tr is the trace of the matrix, P is the dimension of feature
vector (P = 16). The number of parameters for each speaker model
is P2 + P/2 (the covariance matrix is symmetric).

5. Results and discussions

5.1. Mismatch identification

Mismatch conditions due to acquisition or interval sessions se-
riously decrease the recognition rates of speaker recognition sys-
tems. As previously described in the experimental section (cf. Section
4.1.1), the Gaudi database is used for speaker identification under
controlled conditions.

Table 3 presents the speaker identification rates for the differ-
ent conditions. Baseline results are represented by both the MFCC
and the LPCC features. For no mismatch, training and test on M1,
best results are achieved by the MFCC. However, if we add to the
LPCC features residual information (R-SOS-LPCC, R-HOS-LPCC and
R-PDSS), improvements are obtained but the number of features is
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Table 3
Correct speaker identification rates for mismatch training (with M1) and test for temporal, frequential and mixed methods

Feature extraction M1 M2 M3 M4 M5 M6 Average

Temporal LPCC 94.78 73.7 74.60 66.213 55.33 52.15 69.46
R-SOS-LPCC 87.98 63.72 60.32 59.18 44.45 43.99 59.94
R-HOS-LPCC 83.45 55.33 57.14 50.79 42.40 33.10 53.70
LPCC + R-SOS-LPCC 97.5 81.86 79.82 71.43 56.92 62.81 75.05
LPCC + R-HOS-LPCC 97.96 80.04 80.04 70.521 58.05 59.64 74.37

Frequential MFCC 97.50 76.64 78.23 72.34 57.59 62.36 74.11
R-PDSS 82.09 59.86 62.36 60.99 45.35 42.18 58.80

Mixed LPCC + R-PDSS 99.77 82.54 85.26 83.22 66.43 67.35 80.76

also increased from P(16) to 2 × P(32) resulting in more computa-
tion. Looking to the performances of the residual information, tem-
poral and frequential representations (cf. Section 3) alone give non
negligible results: more than 80% of correct speaker identification.

Concerning the mismatch conditions, as it can be expected, for
all the features the identification rates decrease. However, the loss
of performances differs according to the mismatch: interval session
and/or microphone (cf. Section 4.1.1). The impact of the acquisition
is more important than the interval session impact. When the mi-
crophone changes for the same session, for instance M2, the per-
formances are degraded and the rates are more or less equivalent
to the interval session mismatch with the same microphone M3
(cf. Table 3). For conventional features, MFCC features give the best
results for these different conditions. The speaker-dependent infor-
mation contained in the residual are also non negligible even if the
conditions differ seriously. Moreover, when the residual features are
added to the LPCC as complementary features, the robustness un-
der the different mismatches is clearly improved resulting in better
identification rates than the LPCC or the MFCC alone.

The tests carried for M5 and M6 mismatches (long interval,
microphone, cf. Section 4.1.1) are mostly equivalent for all the fea-
tures (cf. Table 3). These tests are interesting because they give in-
formation about the robustness of the features for real applications.
However, for all the features except MFCC, the performance slightly
decreases. Once again, the robustness is improved by using resid-
ual information and the conventional LPCC resulting in at least
equivalent MFCC results or even better.

In order to compare the performances of these features under the
differentmismatches, we compute the average speaker identification
rate for each feature (cf. Table 3) through the conditions M1–M6 and
they are presented in Table 3. For conventional features, the best
results are achieved by the MFCC. For the residual information, the
performances of the R-SOS-LPCC and R-PDSS are mostly equivalent
and are better than the higher-order statistic based features namely
the R-HOS-LPCC. As it has been previously mentioned (cf. Section
2), after an LPC analysis, linear information are still present in the
LP-residue.

Concerning the additional features, the LPCC plus the residual in-
formation improve the recognition rates. The average performances
show that temporal methods are mostly equivalent. This means that
linear and non-linear information, respectively, modelled by R-SOS-
LPCC and R-HOS-LPCC, carry speaker-dependent information and are
complementary to the LPCC. It can be explained by two main re-
marks:

• Due to the imperfect LPC analysis, the LP-residue still carries
Gaussian information modelled by the R-SOS-LPCC and features
(cf. Section 2).

• The R-HOS-LPCC model allows to model non-gaussian distribu-
tions but it is limited by the fact that it is only a third-order based
model (cf. Section 3).

Table 4
Correct speaker identification rates for the NTIMIT database

MFCC 27.3
LPCC 24.6
R-SOS-LPCC 8.22
R-HOS-LPCC 5.08
R-PDSS 8.73

In order to overcome these limitations, non-linear models have
been directly applied to the speech signal such as predictive neural
networks [9,19] resulting in improvements of the speaker identi-
fication rates. Those models are inspired by the LPC analysis since
they are a direct extension of them. For instance in the neural
predictive coding (NPC) scheme [19], the neural weights are used
as features. Furthermore, this model can be initialised by the LPC
analysis.

5.2. Large database

The previous Gaudi database shows that residual information car-
ries speaker-dependent information and it is true for all types of
models (temporal or frequential). In this section, we propose to con-
firm these results by doing training and test on a larger database
such as the NTIMIT (cf. Section 4.1.2).

Table 4 presents the speaker identification rates for the whole
NTIMIT database (630 speakers) with respect to the feature extrac-
tion methods. Baseline results (MFCC and LPCC) are the best ones
and are more-or-less equivalent, for the same “long training–short
test”, to the results obtained in Ref. [29]. One can notice that with a
different protocol or classifier (i.e. GMMs, support vector machines),
better results can be expected as noted in Refs. [29–31].

The results of the residual models for the whole NTMIT database
confirm the presence of speaker-dependent information but as it can
be expected that they are worse than the traditional features (MFCC
and LPCC). Concerning the temporal models, the linear model R-SOS-
LPCC gives the best results. We previously noticed similar behaviour
which can be justified by the lack of efficiency of the LPCC analysis
and the used non-gaussian model based on third-order statistics (cf.
Section 5.1). The speaker identification rates given by the R-PDSS
method are higher than for the temporal representations.

For the Gaudi database (cf. Section 5.1), we show that residual
models can be used as complementary features for a global improve-
ment of the recognition rates. Rather than doing that, we propose,
in the next section, the fusion of these features in order to evaluate
this complementarity.

5.3. Opinion fusion

Information fusion is an important and effective stage for global
improvements of the recognition rates. In this subsection, our pur-
pose is to evaluate and to compare the features. We combine the
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Table 5
Experimental results for different combinations (temporal)

Feature extraction Temporal Frequential

R-SOS-LPCC R-HOS-LPCC R-PDSS MFCC

Temporal LPCC 28.06 26.19 28.09 31.75
R-SOS-LPCC 12.54 14.92 34.98
R-HOS-LPCC 12.06 33.33

Table 6
Experimental results for different combinations (frequential)

Feature extraction Temporal Frequential

LPCC R-SOS-LPCC R-HOS-LPCC R-PDSS

Frequential MFCC 31.75 34.98 33.33 33.33

R-PDSS 28.09 14.92 12.06

Table 7
Selected combination factor � for the results shown in Tables 5 and 6

LPCC R-SOS-LPCC R-HOS-LPCC R-PDSS

MFCC 0.91 0.83 0.72 0.66
LPCC 0.57 0.58 0.51
R-SOS-LPCC 0.28 0.29
R-HOS-LPCC 0.46

The indicated factors give the best scores (following Eq. (9)).

output of the recognizers (i.e. covariance matrix cf. Section 4.2) for
all the features (i.e. conventional and non-conventional ones). This
scheme is known as opinion fusion [33,34].

The opinion fusion procedure mainly consists in the following
steps:

(1) Distance normalisation [35]:

o′
i = 1

1 + e−ki
(8)

with k = oi − (mi − 2�i)/2�i. oi is the opinion of the classifier
i. o′

i ∈ [0, 1] is the normalised opinion, mi,�i are the mean and
the standard deviation of the opinions of classifier i using the
genuine speakers (intra-distances).

(2) Weighted sum combination with trained rule [34,35]:

O = �o1 + (1 − �)o2 (9)

where o1, o2 are scores (distances) provided by each classifier.
� is a weighting or combination factor. A high value of � im-
plies a high importance of recognizer 1 (feature extractor plus
classifier).

The fusion scores with the different features are presented in
Tables 5 and 6 and the scores without fusion have been reported in
Table 4. One can expect that the fusion of the best scores such as the
MFCC and LPCC should give the best results. But, in Tables 5 and 6,
the best scores are obtained by the MFCC/R-SOS-LPCC couple and
moreover, the fusion of the MFCC and all the residual features are
better than the MFCC–LPCC fusion. This result shows that the com-
bination of MFCC and residual features is efficient for a global im-
provement. The combination factor � gives useful information about
the contribution of each method (cf. Table 7). Even if the R-SOS-LPCC
gives better scores, the MFCC contribution (� = 0.83) is higher than
the other ones R-HOS-LPCC (� = 0.72) and R-PDSS (� = 0.66). One
can also notice that the robustness of the LPCC (cf. Table 4) is clearly
improved by the proposed schemes (cf. Tables 5 and 6). Regarding

the combination factors (cf. Table 7), the contributions of both LPCC
and residual features are mostly of the same orders.

Concerning the fusion of residual features between them, it al-
lows improvements but the attained scores are clearly less than
the MFCC and LPCC alone (cf. Tables 4–6). However, these experi-
ments have also been carried out in order to compare the residual
models between them. R-SOS-LPCC/R-HOS-LPCC fusion is interesting
because it compares two predictive models based on second and
third-order statistics, respectively (cf. Section 3). For a combination
factor of � = 0.28, it seems that the second-order statistic based
model (i.e R-SOS-LPCC) carries less speaker-dependent information
than the third-order one (R-HOS-LPCC) which seems to be in contra-
diction with the results obtained in Table 4. However, R-SOS-LPCC/R-
PDSS fusion gives better results with a same behaviour which means
that the speaker-dependent information is not present in the simi-
lar way in all the features. These results show that the exploitation
of the complementarity between the features can be improved by
suitable representations.

Finally for temporal/frequential fusion, the best scores are ob-
tained with a small contribution of the R-SOS-LPCC. A more impor-
tant contribution by the R-HOS-LPCC is needed (cf. Table 7) but a
worse score is obtained for the temporal/frequential fusion.

The results obtained using fusion show that the performances
and the robustness of the traditional features (MFCC and LPCC) are
improved by the residual ones. And, as one can expect, the contribu-
tion of the conventional features are higher than the residual ones.
Concerning the combination of residual features, the best scores are
obtained by the fusion of the second-order model (R-SOS-LPCC) and
the frequential one (R-PDSS).

6. Conclusions

In this paper, we proposed to extract features from the LP-residual
for the improvement of speaker identification systems. Several mod-
els have been investigated based on temporal and frequential ap-
proaches. The temporal models are based on an auto-regressive (AR)
filter and the coefficients of this model are estimated by second (SOS)
or higher-order (HOSs) statistics. The SOS basedmodel is obtained by
the application of a traditional LPC analysis to the residue followed
by a cepstral transformation of the LPC coefficients. The resulting fea-
tures are termed R-SOS-LPCC features. Following the same scheme
and the recent works on non-linear speech processing, we proposed
to use higher-order statistics for the improvement of the modelling
resulting in features called R-HOS-LPCC features. Concerning the fre-
quential approach, a filter bank is investigated termed as the power
difference of spectra in sub-band (PDSS) which can be interpreted
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as a sub-band version of the spectral flatness measure. The key idea
is to extract frequential information from the LP-residue.

These temporal and frequential approaches are evaluated in a
speaker identification task. Firstly, we evaluated the robustness of
the features (R-SOS-LPCC, R-HOS-LPCC and R-PDSS) with controlled
conditions: interval between the sessions, microphones. The ob-
tained results show that residual information improve the speaker
identification scores (at least 7% better than the LPCC alone). The
R-HOS-LPCC features give worse results than the R-SOS-LPCC and
it has been partly justified by the presence of linear information
in the LP-residue and the modelling limitation of the R-HOS-LPCC
(third-order based). The best speaker identification rates have been
attained by the combination of the LPCC and the R-PDSS features.
Secondly, the different features have been tested on the well-known
NTIMIT database following the “long training–short test” protocol.
The results on this larger corpus confirm that the LP-residue carries
speaker-dependent information. In order to evaluate the potential of
the residual features for the global improvement of speaker recog-
nition systems, we proposed to compare the recognizers (feature
extractor + classifier) by the opinion fusion framework. Once again
the robustness of the LPCC is clearly improved by the combination
with residual features. And we can notice that the residual features
can also be used with the MFCC, which initially gives best scores
alone, for a global improvement. We also focused on the fusion of the
residual features between them in order to evaluate their respective
performances showing that temporal (R-SOS-LPCC and R-HOS-LPCC)
and frequential (R-PDSS) features convey complementary informa-
tion due to the different extraction schemes: AR model and bank
filter.

This investigation on LP-residue gives us useful information about
the properties of the signal. Clearly, speaker-dependent information
are present and they have to be used with conventional features such
as the MFCC or the LPCC. Moreover, the robustness over the recog-
nition conditions (interval sessions, microphones and telephone) is
improved. However, one can notice that this last point can be sig-
nificantly improved by the use of robust methods such as cepstral
mean subtraction (CMS). Concerning the future works, the limita-
tion of the R-HOS-LPCC model mainly due to its estimation (third-
order statistic) should be investigated. It can be done by the use of
more higher-orders (i.e. fourth) or an association of them. It can also
be done by non-linear models such as neural networks such as the
NPC scheme [36]. Furthermore, in this contribution, we used the LP-
residue but other strategies can be followed as the analysis of the
NLP-residue (non-linear) as done in Ref. [9].
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