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Abstract

State-of-the-art speaker recognition systems may work better for the English language. However, if the same
system is used for recognizing those who speak different languages, the systems may yield a poor
performance. In this work, the decisions of a Gaussian mixture model-universal background model (GMM-
UBM) and a learning vector quantization (LVQ) are combined to improve the recognition performance of a
multilingual speaker identification system. The difference between these classifiers is in their modeling
techniques. The former one is based on probabilistic approach and the latter one is based on the fine-tuning
of neurons. Since the approaches are different, each modeling technique identifies different sets of speakers
for the same database set. Therefore, the decisions of the classifiers may be used to improve the performance.
In this study, multitaper mel-frequency cepstral coefficients (MFCCs) are used as the features and the
monolingual and cross-lingual speaker identification studies are conducted using NIST-2003 and our own
database. The experimental results show that the combined system improves the performance by nearly 10%
compared with that of the individual classifier.
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1. Introduction

Speaker identification aims at recognizing the speaker by their voice [1]. Speaker identification is a
one-to-many comparison (i.e., the system identifies a speaker from a database of N known speakers).
Depending on the mode of operation, speaker identification can be either text-dependent or text-
independent [2]. In the former case, the speaker must speak a given phrase known to the system, which
can be fixed or prompted. In the latter case, the system does not know the phrase spoken by the speaker.
Speaker identification can be performed in the monolingual and cross-lingual modes [3]. In
monolingual speaker identification, training and testing languages for a speaker are the same; whereas,
in cross-lingual speaker identification, training is done in one language (say x) and testing is done in a
different language (say y).

The spoken language mismatch is one of the factors resulting in performance degradation in
multilingual speaker recognition systems [4]. For speaker recognition tasks, numerous speech features

and modeling techniques have been proposed over the years [5,6]. However, it is still difficult to
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implement a single classifier that exhibits sufficiently high performance in a multilingual environment.
The classifier fusion has received significant attention in the recent years.

There are two ways of combining the classifiers by using a serial combination or parallel combination
[7]. In serial combination, classifiers are sequentially arranged and the result from the previous classifier
is fed to the next classifier. Parallel combination organizes the classifiers in parallel [7]. The system
performance in a parallel combination depends on the combination function. Ideally, the combination
function must take advantage of the strengths of all the classifiers, avoid their weaknesses, and improve
classification accuracy [8]. The key constraint for a combination function that uses the output of the
individual classifiers is that the classifiers should not have the same opinion with each other when they
misclassify the pattern [9]. The Gaussian mixture model-universal background model (GMM-UBM)
and learning vector quantization (LVQ) classifiers are different with respect to their working principle.
Hence, they may be combined to further improve the performance of a multilingual speaker
recognition system.

In this work, text-independent monolingual and cross-lingual speaker identification studies are
conducted using multitaper mel-frequency cepstral coefficient (MFCC) features, GMM-UBM, and
LVQ. The remainder of this paper is organized as follows: in Section 2, a brief overview of classifiers
combination techniques for speaker recognition is presented. Section 3 describes the speech database
used for the study. Feature extraction using multitaper MFCC and speaker modeling using GMM-UBM
and LVQ are presented in Section 4. Section 5 describes monolingual speaker identification using the
multitaper MFCC and GMM-UBM methods. Monolingual speaker identification using multitaper
MFCC and LVQ technique is presented in Section 6. The combination of classifiers for a monolingual
speaker identification task is given in Section 7. Discussions on the cross-lingual experimental results
on our own database are presented in Section 8. Section 9 gives the summary and conclusions of this

study.

2. Related Work

In [10], a hybrid Karhunen-Loeve transform and GMM approach based on two-stage classifiers has
been proposed for text-independent speaker identification. The experimental results on the 500
Mandarin speakers showed that the combination scheme is helpful to both classification accuracy and
computational cost. Masho and Skosan [6], have combined the decisions of two systems for the speaker
recognition task. One system was based on the MFCC features and the other on the parametric feature
sets algorithm. The combined classifier system produced a good speaker identification rate on the
NTIMIT database. In [11], a new classifier combination method based on signal strength was proposed
to support the decision-making process. Based on various real-world machine learning data sets, the
proposed method showed better results compared with the existing voting strategies and margin-based
classifiers.

In [12], the scores from the GMM approach, support vector machine, and decision tree classifiers are
combined for the text-independent speaker identification task. The experimental results on dialect DR1
(47 speakers) of the TIMIT corpus showed that the combined classifier outperforms the individual
classifiers. A sparse regularized logistic regression score fusion method for speaker verification was pro-

posed in [13]. The proposed method was evaluated using the NIST SRE2010 corpus. The experimental
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results showed that the sparse regularization achieved improvement overan un-regularized variant,
except in a telephony-telephony speech data condition. In our previous work, the significance of
combining the evidence from multitaper MFCC and linear prediction residual features for multilingual
speaker identification with the constraint of the limited data condition was studied. The experimental
results showed that the combined evidence improves the performance by nearly 8%-10% compared to

individual evidence [14].

3. Speech Database for the Study

The monolingual (English language) speaker identification studies were conducted on 30 randomly
selected speakers (17 male and 13 female) from the NIST-2003 database [15]. Since the standard
multilingual database was not available, multilingual experiments were carried out on our own database
of 50 speakers that was created from the speakers who speak three different languages (E-English, H-
Hindi, and K-Kannada). This database includes 30 male and 20 female speakers. The voice recording
was done in an engineering college laboratory. The speakers were undergraduate students and faculty
members in an engineering college. The age of the speakers varied from 18-35 years. The speakers were
asked to read small stories in three different languages. The training and testing data was recorded in
different sessions with a minimum gap of two days. The approximate training and testing data length is
two minutes. Recording was done using free downloadable wave surfer 1.8.8p3 software and the Beetel

headphone-250 with a frequency range of 20-20 kHz. The speech files were stored in a.wav format.

4. Feature Extraction and Modeling
4.1 Multitaper MFCC

Let F=(f10], /[1],....,/IN—1])" denote one frame of speech (N samples) signal. The multitaper MFCCs
were calculated for 20 ms speech segments with 50% overlapping (frame rate). For the multitaper
MFCC methods, the spectrum S( /) is obtained by [16].

2
K N-1 .
S = 3 A0) S w [nlfinle 2N (1)
J=1 n=0 J

Here K represents the number of multitapers used. W, =(w,[0],w,[1]....w,[N —11)" are the multitaper

weights and j =1,2,.., K, are used with the corresponding weights A( ;). A signal flow diagram of the
multitaper spectrum estimator is illustrated in Fig. 1. Fig. 2 shows the block diagram representation of
the multitaper MFCC method.

We only considered the first 13 dimensional feature vectors (excluding the 0" coefficient) computed
using 22 filters in the filter bank. Cepstral mean subtraction was applied to the multitaper MFCC to
remove the linear channel effect. Silence and low-energy speech parts were removed using an energy-

based voice activity detection technique [17]. The threshold we used was 0.06 times the average frame
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energy for the selection of speech frames.

W, > Windowed > Subspectra-1
frame-1
W, —_— Windowed >| Subspectra-2
frame-2
Speech . .
S Weighted | Multitape
Frame average Spectrum
W, > Windowed > Subspectra-n
frame-n

Fig. 1. Signal flow diagram of the multitaper spectrum estimation.

Different types of tapers have been proposed for spectrum estimation in [16]. It was mentioned that
the range of K should be between 3 and 8 and also recommended to start with K = 6. In this work, sine-
weighted cepstrum estimators (SWCE) [18], Thomson [19], and Multipeak [20] multi-tapers were used
with K = 6, 7, and 8 windows.

Speech

e — Framing Multitaper spectrum estimation
MECC’s \ 4
t— DCT < Logarithms < Mel-filters

Fig. 2. Block diagram of multitapermel-frequency cepstral coefficient (MFCC) features extraction technique.
4.2 Speaker Modeling Using GMM-UBM

The GMM-UBM is the most widely used probabilistic modeling technique in speaker recognition
[21,22]. For building the UBM, we used approximately two hours of speech data from all of the 138
speakers of the YOHO database (the first 18 speech files from the enroll data) [23]. Adapting only the
mean vectors of the UBM using maximum a posteriori adaptation algorithm created the gender
independent speaker specific models. The parameters of the GMM (mean vector, covariance matrix,
and mixture weights) were estimated using the expectation maximization algorithm. We modeled
speakers with 16, 32, 64, 128, and 256 Gaussian mixtures.

4.3 Speaker Modeling Using LVQ

LVQ is a supervised version of vector quantization. LVQ algorithms directly describe class
boundaries based on the nearest-neighbor rule and a winner-takes-it-all paradigm [24]. If the class label
of the input vector and the code vector agree, then the code vector is moved in the direction of the input

vector. Otherwise, the code vector is moved away from the input vector. Suppose X: is an input vector at
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time ¢, and W; is the weight vector for class j at time . Let (.. denote the class associated with the weight
vector W, and (; denote the class label of the input vector X. The weight vector W. is adjusted as follows
[22,25]:
1. if Cw= G, then:
Wt +1) =W.(t) +n(t)[x - W,(1)]; where 0 <(¢) <1, 77 = learning rate
2. else:
W+ D) =W () =nO[x =W (1]

3. The other weight vectors are not modified.

5. Monolingual Speaker Identification Using Multitaper MFCC and
GMM-UBM

An effect of the choice of multitaper type and the number of tapers on speaker identification for 30
randomly selected speakers (20 seconds of training and test data) for the NIST-2003 and our own
databases using the GMM-UBM classifier is shown in Figs. 3 and 4. It was observed that the speaker
identification system gives the highest performance of 50% and 90% using the SWCE multitaper for K =
6 windows for NIST-2003 and our own database, respectively. Furthermore, it was observed that the
SWCE multitaper performs better than the Thomson and Multipeak multitaper techniques.
Henceforth, we used the SWCE multitaper MFCC (K = 6) as features for all of our experimental studies.

K=8

50 -+
< —e— Thomson
40 A
g 30 —=— Multipeak
g 20 1 —a—SWCE
£ 10
& i
&

0 T T T 1

16 32 64 128

Gaussian mixtures

Fig. 3. Speaker identification performance (%) for randomly selected 30 speakers of NIST-2003 database
using different multitapers for K = 6, 7, and 8. SWCE=sine-weighted cepstrum estimator.
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Fig. 4. Speaker identification performance (%) for randomly selected 30 speakers of our own database
using different multitapers for K = 6, 7, and 8. SWCE=sine-weighted cepstrum estimator.

6. Monolingual Speaker Identification Using Multitaper MFCC and LVQ

The LVQ performance depends on the parameters like n and iterations. The identification
performance for the 30 randomly selected speakers (20 seconds of training and test data) of the NIST-
2003 and our own databases and different n and iterations are given in Tables 1 and 2. The speaker
identification system gives the highest performance of 53.33% (n = 0.02 and iterations = 650 X
codebook size [CS]) and 86.66% (n = 0.03 and iterations = 500 x CS) for the NIST-2003 and our own
database, respectively. Though the performance of LVQ is lesser than GMM-UBM, the combination of

classifiers may improve the performance.

Table 1. Speaker identification performance (%) for randomly selected 30 speakers of NIST-2003
database using LVQ technique

X Codebook size (CS)
Iterations n
16 32 64 128

500 x CS 0.01 30.00 36.66 43.33 46.66
500 x CS 0.02 23.33 36.66 50.00 43.33
500 x CS 0.03 26.66 33.33 46.66 40.00
600 x CS 0.02 30.00 40.00 50.00 46.66
650 x CS 0.02 23.33 33.33 46.66 53.33
700 x CS 0.02 26.66 30.00 36.66 46.66
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Table 2. Speaker identification performance (%) for randomly selected 30 speakers of our own database

using LVQ technique
. Codebook size (CS)
Iterations n
16 32 64 128

500 x CS 0.01 53.33 60.00 73.33 83.33
500 x CS 0.02 46.66 56.66 83.33 76.66
500 x CS 0.03 50.00 66.66 76.66 86.66
500 x CS 0.04 53.33 56.66 80.00 76.66
600 x CS 0.03 50.00 60.00 66.66 80.00
700 x CS 0.03 53.33 63.33 70.00 76.66

7. Combination of Classifiers for Speaker Identification

The problem of combining classifiers that use different pattern representations was studied in [9].
They also provided a common theoretical framework for combining classifiers. In our work, the frame
scores obtained from GMM-UBM (classifier-1) and LVQ (classifier-2) classifiers are not directly usable
because of the incompatibility of their scales. Hence, for each speaker, the confidence score (C,) for a

given test signal is computed as:

Ci e @
max;_; S,

where S, is the frame score of each speaker and N is the total number of enrolled speakers. Let " refer

to the confidence scores associated with classifier-1 and C” corresponding to the confidence scores

associated with classifier-2. For combining classifiers, we can use the Kittler, Hatef, Duin, and Mataz
(KHDM) rules, which are as follows [6,9]:

N 2
S le; = @ 3
um rule; S (C) argr?ellx{;Cs } (©)

N[22
Product rule; S (C) = argmax HCS(’):| 4)

M =
N[ 2 .

Maximum rule; S (C) = argmax| max | C'” | ®)
s=1 i=1
N T 2 )

Minimum rule; S (C) = argmax| min | C"” |} (6)
s=1 | =l

In this work, a parallel multiple classifier architecture with frame score level base classifiers were
combined using KHDM rules. The best identification performance of individual classifiers an
combined classifier using KHDM rules for 30 randomly selected speakers (20 seconds of training and
test data) of the NIST-2003 and our own databases are given in Table 3.
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Table 3. Applying KHDM rules on the classifiers

Identification performance (%)

Modeling technique
NIST-2003 database our own database

GMM-UBM 50.00 90.00

LvVQ 5333 86.66
GMM-UBM-LVQ (Sum) 60.00 96.66
GMM-UBM-LVQ (Prod) 53.33 93.33
GMM-UBM-LVQ (Max) 53.33 90.00
GMM-UBM-LVQ (Min) 56.66 93.33

GMM-UBM=Gaussian mixture model-universal background model, LVQ=learning vector quantization.

Table 4. Number of speakers identified by the GMM-UBM, LVQ and combined GMM-UBM-LVQ
using sum rule for 30 speakers of our own database (V, identified; x, not identified)

Speaker 1|2 |3 5 06 | 7 |89 |10 |11 |12 [13]|14]15
GMM-UBM | ¥ | ¥ | NV | x [N | N | N[ N[N N[ x | N[N
LVQ VI IV x [ VNN NN NN NN NN
Combined | ¥ | v | ¥ | x | N | N | NN ]| AN ][N [N N[N ][AN]A
16 | 17 [ 18 | 19 [ 20 | 21 [ 22 | 23 | 24 | 25 | 26 | 27 | 28 | 29 | 30 | No.
N R I O I I O O I A O O O O O 4
x | NN x [ NN NN x [V N NN N2
N R I IV VA O O O O O O O

GMM-UBM=Gaussian mixture model-universal background model, LVQ=learning vector quantization.

The proposed combined system yields a good identification rate in all of the speaker identification
experiments. Table 3 shows that the performance of the LVQ system is almost the same as that of the
GMM-UBM. However, speakers identified by the GMM-UBM and LVQ systems are different and are
shown in Table 4. The speaker numbers 11 and 27 are not identified by GMM-UBM but are identified
by LVQ. Similarly, speaker numbers 16, 19, and 24 are not identified by LVQ but are identified by
GMM-UBM. The combined system identified all speakers, except speaker number four. The same trend
was also observed for the NIST-2003 database. The improvement in performance may be due to the
employment of a different working principle in GMM-UBM and LVQ. The LVQ modeling technique is
based on a non-parametric approach, whereas, GMM-UBM is based on a parametric approach. Hence,
this combination gives the best identification performance [22]. The sum rule outperformed the other
combination schemes since it is less sensitive to estimation errors [6,9]. Henceforth, we used the sum
rule for all of the experimental studies.

To verify the robustness of the proposed method for a large set of speakers and for different languages
(English, Hindi, and Kannada), we conducted the experiments using 50 speakers from our own database
using three different languages. Note: x/y indicates training with language x and testing with language y (e.g.,
E/K indicates training with the English language and testing with the Kannada language). The monolingual
experimental results for the 50 speakers from our own database for 20 seconds of training and testing data
and for different codebook sizes/Gaussian mixtures are given in Fig. 5.

The speaker identification system trained and tested with the English language (E/E) gave the highest
performance of 84% and 90% for LVQ and GMM-UBM classifiers, respectively. The performance of the
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speaker identification system trained and tested with the Hindi language (H/H) was 78% and 84% for
LVQ and GMM-UBM classifiers, respectively. The speaker identification system trained and tested with
the Kannada language (K/K) gave the highest performance of 80% for LVQ and GMM-UBM classifiers.

E/E H/H
100 - 100 -
~ ~~
& 80 £ 80+
) g
9 60 - 2 60 -
: :
E 40 5 401
5 5
& 20 4 & 20 4
0 T T T T 1 0 T T T T 1
16 32 64 128 256 16 32 64 128 256
Codebook size/Gaussian mixtures Codebook size/Gaussian mixtures
K/K
100 -
~~
280 -
p—
£ 60 - .4: —e—1IVQ
g
£ 40 -
= —a— GMM-UBM
& 20 4
0 T T T T T 1

16 32 64 128 256
Codebook size/Gaussian mixtures

Fig. 5. Performance of monolingual speaker identification for 50 speakers of our own database using 20
seconds of training and testing data. GMM-UBM=Gaussian mixture model-universal background

model, LVQ=learning vector quantization.

Table 5 shows the best performance (%) of combined classifiersfor monolingual speaker identification
for the 50 speakers from our own database using the sum rule. It was observed that the performance of a

combined classifier system is better than the individual classifiers.

Table 5. Applying a sum rule on the classifiers for monolingual speaker identification using 50 speakers

of our own database

Train/test language Identification performance (%)
E/E 94.00
H/H 90.00
K/K 90.00

E/E=English language, H/H=Hindi language, K/K=Kannada language.
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8. Cross-lingual Speaker Identification

In the previous section we demonstrated the usefulness of combining the two classifiers for
monolingual speaker identification. In this section, cross-lingual studies are conductedusing the
proposed combined classifier technique. Since the data was collected in three different languages to
study the robustness of the system, the experiments were conducted for six cases (H/E, K/E, E/H, K/H,
E/K, and H/K). The cross-lingual experimental results for the 50 speakers from our own database for 20
seconds of training and testing data and for different codebook sizes/Gaussian mixtures are shown in
Fig. 6. It was observed that the results are better for monolingual experiments than cross-lingual ones.
This may be due to the variation in fluency and word stress when the same speaker speaks different
languages and may also be due to different phonetic and prosodic patterns of the languages [26].

H/E K/E
100 - 100 4
~ ~_~~
£ 80 £ 80 -
o o
8 2 60 - M
£
= 40 A = 40 -
< £
5 204 2 20
0 T T T T 1 0 T T T 3 1
16 32 64 128 256 16 32 64 128 256
Codebook size/Gaussian mixtures Codebook size/Gaussian mixtures
K/H
E/H
100 -
100 —
E g0 2 80 |
i ]
2 S
_“5: 60 %::7. g -y
E a0 = ]
‘_5 : 40
& 22 S 20 4
16 32 64 128 256 0 T T T T )
Codebook size/Gaussian mixtures 16 32 64 128 226
Codebook size/Gaussian mixtures
E/K H/K
100 -~ 100 -
~ —_
£ 80 - £ 80
g g
g o1 R R e
£ E
HEE 5 %
E 20 E 20 A
0 T T T T 1 0 T T T T 1
16 32 64 128 256 16 32 64 128 256
Codebook size/Gaussian mixtures Codebook size/Gaussian mixtures

Fig. 6. Performance of cross-lingual speaker identification for 50 speakers of our database using 20

seconds of training and testing data. E/E=English language, H/H=Hindi language, K/K=Kannada
language.
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Table 6. Applying a sum rule on the classifiers for cross-lingual speaker identification using 50 speakers
of our own database

Train/test language Identification performance (%)
H/E 92.00
K/E 92.00
E/H 88.00
K/H 88.00
E/K 88.00
H/K 84.00

E /E=English language, H/H=Hindi language, K/K=Kannada language.

Table 6 shows the best performance (%) of combined classifiers for cross-lingual speaker
identification for the 50 speakers from our own database using the sum rule. Though the performance
of a combined classifier system is better than the individual classifiers, the rate of improvements in the
identification performance of the proposed combined system is significantly higher for cross-lingual
than monolingual. In the monolingual case, the performance of the individual classifiers is sufficiently

high and hence, the combined classifier improvement may be less.

9. Conclusions

The combination of GMM-UBM and LVQ based classifiers was studied for monolingual and cross-
lingual speaker identification. The results indicated that the proposed combined system can be used for
improving the performance of multilingual speaker identification. The performance of various classifier
combination methods (sum rule, product rule, maximum rule, and minimum rule) was compared for
the multilingual speaker identification task and it was observed that the sum rule outperformed other
classifier combination methods. Furthermore, we observed that the performance of the combined

system is significantly higher for cross-lingual than for monolingual speaker identification.
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