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Abstract. Previously, we proposed a speaker recognition system using a combi-
nation of MFCC-based vocal tract feature and phase information which includes
rich vocal source information. In this paper, we investigate the efficiency of com-
bination of various vocal tract features (MFCC and LPCC) and vocal source fea-
tures (phase and LPC residual) for normal-duration and short-duration utterance.
The Japanese Newspaper Article Sentence (JNAS) database was used to evaluate
our proposed method. The combination of various vocal tract and vocal source
features achieved remarkable improvement than the conventional MFCC-based
vocal tract feature for both normal-duration and short-duration utterances.
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1 Introduction

For the speaker identification task, many feature parameters had been used [1]. Mel-
Frequency Cepstral Coefficients (MFCCs) [2] are basic feature for general speech
processing. Linear Predictive Coding (LPC) [3,4] based features like the LPC Cepstral
Coefficients (LPCC) [5] are also used. Line Spectral Frequencies (LSFs) [5] are
coefficients in frequency domain, which are equivalent of LPC coefficients, this
method is used for speech coding. Perceptual Linear Prediction (PLP) coefficients [6]
consider psychophysics by using some human auditory-based filters, this also uses
LPC method. These methods perform good also for speaker identification. Wang et al.
used MFCC-based Gaussian Mixture Model (GMM) and LPCC-based Hidden Markov
Model (HMM) for the distant speaker recognition, which worked well [7,8]. However,
these feature parameters contain much vocal tract characteristics than that of vocal
source. Vocal source characteristics are considered to be important for the speaker
identification.

To catch vocal source characteristics, Markov et al. proposed a GMM-based speaker
identification system that integrates pitch and the LPC residual with the LPC-derived
cepstral coefficients [9]. Their experimental results show that using pitch information
is most effective when the correlation between pitch and the cepstral coefficients is
taken into consideration. Zheng et al. proposedWavelet Octave Coefficients of Residues
(WOCOR) which are based on LPC residual. They reported the improvement of speaker
recognition performance by combining WOCOR with MFCC [10]. Recently, group
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delay-based phase information has been used [11]- [13]. Group delay is defined as the
negative derivative of the phase of the Fourier transform of a signal. Hedge et al. reported
the improvement of the speaker recognition performance by combining MFCC with
group delay [11]. However, the group delay based phase also contains power spectrum
information, therefore, the complementary nature of the power spectrum-based MFCC
and group delay phase was not sufficient enough.

Previously, Wang et al. proposed phase related features which is directly extracted
from the Fourier transform of the speech wave for speaker recognition [14]- [21]. The
phase information is valid for speaker identification, because it captures rich vocal
source information. The combination of MFCC and phase information outperformed
than the MFCC because the complementary nature of the power spectrum-based MFCC
(vocal tract information) and phase spectrum-based feature (vocal source information)
was used. However, the sufficient performance could not be achieved especially for
short-duration utterance. That seems to be improved by combining various vocal tract
and vocal source features which have complementary speaker information. In this paper,
we investigate the efficiency of combination of various vocal tract features (MFCC and
LPCC) and vocal source features (phase and LPC residual) for normal-duration and
short-duration utterance.

The rest of this paper is organized as follows: Section 2 presents feature extraction
method for the phase information and the LPC residual based feature. Section 3
describes combining method for two features. Section 4 discusses experimental setup
and speaker identification results. Section 5 gives our conclusions.

2 Feature Extraction Method

In this section, we introduce two vocal source-based feature extraction methods, phase
related feature and LPC residual-based feature.

2.1 Phase related features

The spectrum S(ω, t) of a signal is obtained by DFT of an input speech signal sequence

S(ω, t) = X(ω, t) + jY (ω, t)

=
√

X2(ω, t) + Y 2(ω, t) × e jθ(ω,t). (1)

However, the phase changes, depending on the clipping position of the input speech
even at the same frequency ω. To overcome this problem, the phase of a certain basis
frequency ω is kept constant, and the phases of other frequencies are estimated relative
to this. For example, by setting the phase of basis frequency ω to 0, we obtain

S′(ω, t) =
√

X2(ω, t) + Y 2(ω, t) × e jθ(ω,t) × e− jθ(ω,t), (2)

whereas for the other frequency ω′ = 2π f ′, the spectrum becomes

S′(ω′, t) =
√

X2(ω′, t) + Y 2(ω′, t) × e jθ(ω′,t) × e− j ω′
ω θ(ω,t)

= X̃(ω′, t) + j Ỹ (ω′, t). (3)
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Fig. 1.Modified phase information

In this way, the phase can be normalized. Then, the real and imaginary parts of (3)
become

X̃(ω′, t) =
√

X2(ω′, t) + Y 2(ω′, t) × cos
(
θ(ω′, t) − ω′

ω
θ(ω, t)

)
(4)

Ỹ (ω′, t) =
√

X2(ω′, t) + Y 2(ω′, t) × sin
(
θ(ω′, t) − ω′

ω
θ(ω, t)

)
, (5)

and the phase information is normalized as follows:

θ̃(ω′, t) = θ(ω′, t) − ω′

ω
θ(ω, t). (6)

In the experiments described in this paper, the basis frequency ω is set to 2π ×
1000H z. In a previous study, to reduce the number of feature parameters, we used phase
information in a sub-band frequency range only. However, a problem arose with this
method when comparing two phase values. For example, for two values π − θ̃1 and
θ̃2 = −π + θ̃1, the difference is 2π − 2θ̃1. If θ̃1 ≈ 0, then the difference ≈ 2π , despite
the two phases being very similar to each other. Therefore, we modified the phase into
coordinates on a unit circle [19], like fig. 1, that is,

θ̃ → {cos θ̃ , sin θ̃}. (7)

In addition, we used the pseudo pitch synchronize method when clipping input
speech. This method searches peak positions of the signal, and the positions are used as
the center positions of the clipping window. Fig. 2 shows the overview of the method.
We had confirmed the improvement of the speaker identification performance even in
noisy environments by using pseudo pitch synchronization [20,21].

2.2 LPC residual based features

Linear Predictive Coding (LPC) is a basic method to get vocal tract characteristics, and
its cepstram coefficients (LPCC) are generally used as the feature parameters [5,8]. From
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Fig. 2. Overview of the pseudo pitch synchronize method

LPC coefficients, the source signal is approximated as ŝ(n) by a weighted sum of past
samples

ŝ(n) =
p∑

k=1

aks(n − k), (8)

where p is the order of prediction, and ak are LPC coefficients. The LPC residual signal,
or prediction error e(n) is calculated as the difference between the source signal and the
predicted signal

e(n) = s(n) − ŝ(n)

= s(n) −
p∑

k=1

aks(n − k). (9)

The LPCC contains vocal tract characteristics, in contrast, the LPC residual is interpreted
as the vocal source information [9,10]. In this work, the obtained LPC residual signal



Speaker Identification by Combining Various Features 386

is transformed into cepstral coefficients using the standard mel-frequency filter-bank
analysis technique by following steps [9].

1. Framing and windowing the LPC residual signal with the same rate and length as
the original speech.

2. Obtaining the magnitude spectrum with FFT.
3. Forming filter banks in the mel scale.
4. Computing the log filter-bank amplitudes.
5. Calculating cepstral coefficients from the filter-bank amplitude using DCT.

3 Combination of various likelihoods based on different features

In this paper, the likelihood of GMMs based on one feature is combined with the
likelihoods of GMMs based on other features. When a combination of the multiple
methods is used to identify the speaker, the likelihoods are linearly coupled to produce
a new score Ln

comb given by

Ln
comb =

I∑
i=1

αi Ln
f eati , n = 1, 2, · · · , N ,

∑
i

αi = 1, (10)

where Ln
f eati are the likelihoods produced by the n-th speaker model based on i-th

feature. N is the number of speakers registered, I is the number of feature and αi
donates the weighting coefficients for i-th feature, which are determined empirically.
The speaker (or speaker model) with maximum likelihood is judged to be the target
speaker.

4 Experiments

4.1 Experimental setup

We conducted speaker identification experiments for the JNAS (Japanese Newspaper
Article Sentence) database [22] which contains 135 males and 135 females, about 100
clean utterances per person. The input speech was sampled at 16 kHz. Each utterance
had about 6 seconds on average.

Speakers were modeled by GMMs with 128 mixtures from scratch. Each speaker
models were trained by 5 utterances for 4 features (MFCC, LPCC, phase, LPC residual).
The feature extraction conditions are shown in Table 1. We used the rest of database for
the test, the number of test utterance was 23,160 (about 85 utterance per person). GMM
likelihoods for multiple features were coupled as combination score. In this work, for
the test data, we also used short utterance by cutting whole utterances into 2, 1 and 0.5
seconds, in addition to the whole one.
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Table 1. Feature extract conditions

Feature Vocal tract features Vocal source features
MFCC LPCC Phase LPC residual

LPC order 14 14
Frame length 25 ms 25 ms 12.5ms 25 ms
Frame shift 10 ms 10 ms 5 ms 10 ms
Dimensions 25 25 24 25

12 MFCCs, 12∆s 12 LPCCs, 12∆s sin θ̃ , cos θ̃ of the 12 MFCCs, 12∆s
and a∆ power and a∆ power first 12 θ̃ s of the and a∆ power of

phase spectrum the residual signal
(60-750 Hz range)

Table 2. Speaker identification rates by single feature (%)

feature whole 2 sec 1 sec 0.5 sec
MFCC 95.1 89.8 81.6 66.2
LPCC 95.3 90.1 82.3 68.0
Phase 90.8 79.3 64.0 46.2

LPC residual 94.5 87.2 78.5 63.7

4.2 Experimental results

Speaker identification rates by single features are shown in Table 2, and combination
results are indicated in Table 3. Comparing with the vocal tract features, the LPCC per-
formed better than the MFCC, and with the vocal source features, the LPC residual
was better than the phase, for any length. Nevertheless, in the combinations of two fea-
tures, the rates by “MFCC+Phase” exceeded that of “LPCC+LPC residual”. This means
MFCC and Phase information has better complementarity than other combinations.

By combining various vocal tract and vocal source feature (combination of 4
features), the best identification rates were obtained. The results verify that performance
of “MFCC+phase” or “LPCC+LPC residual” is not sufficient. For shorter utterances,
identification rates were degraded. However, combination of all features achieved 48.0
% relative error reduction (66.2 % to 82.4 %) from the MFCC only, for 0.5 seconds
utterances. This means we can get complementary information from the utterances by
each feature, and the combination of them is effective for the short-utterance speaker
identification.

5 Conclusions and Future Work

In this paper, we confirmed the efficiency of the vocal source information for speaker
identification. Then the combination of MFCC and Phase performed the best in two
features combinations. By combining 4 features, the identification rates were improved
and the best performance was obtained. The results indicate that various vocal tract and
vocal source features have complementarity for speaker recognition. In addition, the



Speaker Identification by Combining Various Features 388

Table 3. Speaker identification rates by multiple features (%), The combination coefficients are
fine tuned for each test

feature whole 2 sec 1 sec 0.5 sec
MFCC 95.1 89.8 81.6 66.2

MFCC+Phase 98.4 96.0 91.1 79.8
LPCC+LPC residual 96.3 92.7 86.7 74.5
Vocal tract feature 96.5 93.0 87.1 75.5
(MFCC+LPCC)
all features 98.4 96.3 92.2 82.4

combination method was effective for short-utterance speaker identification. However,
for short utterances, the improvement of the identification rates might be insufficient.
Hereafter, we address this problem by improving the feature extraction method.
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