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Abstract 

There are many strategies proposed for speaker verification 
(SV) system, both in text-dependent (fixed-text) and text-
independent (free-text) domains. To convey an appropriate 
algorithm for Thai speech, several consecutively improvement 
methods are compared in this paper including the dynamic 
time warping (DTW) matching and Gaussian mixture model 
(GMM) based systems. We firstly developed a system based 
on the conventional scoring algorithm. This system is 
improved by the incorporation of many scoring algorithms 
such as the cohort normalization, the global speaker model 
(GSM), and a new approach, namely, global anti-speaker 
model (GASM). Experiments are set up for Thai numeral 
speech and the results show an improving tendency of each 
algorithm. 

1. Introduction 

National Electronics and Computer Technology Center 
(NECTEC), Thailand, by Information Research and 
Development (RD-I), has performed a three-year project on a 
speaker recognition system for Thai language since 1998. Our 
first focus was on text-dependent speaker identification (SID), 
aiming at a voice security system. Although current results 
have reached an acceptable level, it still lacks of an ability to 
reject an imposter who is an outsider of the speaker set. 
Hence, the next step is to focus on a speaker verification task, 
which would finally be plugged into the SID system forming 
an open-speaker set SID system. 

Our up-to-date result of SID system for Thai numeral 
speech has indicated the highest performance in speaker 
discrimination in both office and telephony environment 
when using the Gaussian mixture model (GMM) [1]. The 
dynamic time warping (DTW) matching technique is the next 

best algorithm [2], [3]. Both the GMM and DTW have also 
widely conducted for a speaker verification (SV) task. The 
use of GMM as an SV engine aims at text-independent 
condition [1], whereas DTW is limited to text-dependent task 
due to its nature of simple matching rather than statistical 
schema as implemented in [4]. Hence, our research on SV has 
started by inspecting on these two engines concurrently with 
trials on more efficient scoring algorithms. The baseline 
system is set up with a basic thresholding for speaker 
acceptance or rejection. Several effective scoring strategies 
are implemented and compared to the conventional system. 
Most existing approaches enhanced the score computation by 
normalizing the score, a process which scales the claimed 
speaker reference score to be more different from the scores 
of other antispeaker references. 

Strategies conducted in this paper include a cohort-based 
model [5], a global speaker model (GSM) [6], and a global 
antispeaker model (GASM), a new approach developed in our 
research. The GSM and GASM are derivatively implemented 
on GMM-based system, and therefore are experimented on 
GMM engine only, while the cohort algorithm is applied to 
both DTW and GMM systems. The next section overviews 
the workbench of our SV model. All algorithms described 
above are reviewed in section 3 and comparatively tested in 
section 4. 

2. SV Workbench 

On Fig. 1 illustrates our SV research workbench. There are 
two phases: a training to obtain reference models and a 
decision score threshold phase, and an evaluation phase. The 
training set consists of both claimed speaker speeches and 
imposter speeches. 
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Figure 1: Speaker Verification workbench 
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The “front-end parameterization” is a preprocessing step 
that aims to extract features, which represents a whole 
speech signal. Efficient speech features for SV task are 
almost the same as those proposed for a speech recognition 
task, which are often spectral-based or cepstral-based forms. 
In our work, the best feature, Mel frequency cepstral 
coefficient (MFCC), has been empirically chosen during the 
SID research. Details of MFCC extraction are deeply 
explained in many sources [2], [3]. 

In our case, we intend to implement an SV system for a 
set of N  claimed speakers. For each speaker, we utilize the 
other 1−N  claimed speakers as an imposter-training set 
(sometimes these imposters are called antispeakers). 
“Modeling” block in Fig. 1 is a process to generate a model 

iλ  representing the thi speaker, ),,2,1( Ni h= . This 

procedure may be neglected for DTW-based system, since it 
needs only raw speech features as a reference. The reference 

iλ , ),,2,1( Ni h= , is matched to the training utterances ijX  

in the “scoring” step. Result from the scoring process is 
)|( iijXf λ , indicating a likelihood score of ijX  to the iλ  

(we always call “score” in short). The equal error rate (EER) 
thresholding is applied to the scores to obtain a verifying 
threshold η . Note that EER means equality of false 
acceptance rate (FA) and false rejection rate (FR). 

In evaluation phase, the scoring step is repeated between 
an unknown sequence { }TooO ,,1 �=  and a registered 

speaker iλ , resulting in the likelihood score )|( iOf λ . A 

simple criterion for decision is applied as in (1). 
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where 0H  is a hypothesis for speaker acceptance (the 

unknown is the claimed speaker), and 1H  is the 

contradiction of 0H . With all evaluating utterances, we can 

compute the false acceptance rate (FA) and the false 
rejection rate (FR) for additional indices of the system 
performance besides the EER. 

3. Scoring Algorithms 

According to the fundamental SV theory described in section 
2, a great deal of research has been investigated into a better 
scoring strategy, in other words to find a more efficient form 
of )|( iOf λ . The followings are scoring approaches 

implemented in this paper. 

3.1. Conventional scoring 

The conventional method, our baseline system, obtains a 
score from the claimed speaker model only, as shown in (2), 
and compares it with the threshold η . 

 )|()|( ii OPOf λ=λ  (2) 

For GMM, )|( iOP λ  in (2) can be calculated by 
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and ),,( mmtoN ∑µ  is the probability computed from the 

thm -mixture Gaussian density function with a mean vector 

mµ  and a covariance matrix m∑ . The mc  is the mixture 

weight and M  is the number of mixture components. 
For DTW-based system, )|( iOP λ , the likelihood 

between two patterns, can be expressed by an inversion of 
the matching distance ),( iOd λ . If there exist, more than one 

reference for a speaker, a common case, several strategies to 
get a unique distance value are applied, e.g. averaged 
distance or minimum distance. To avoid computational error, 

)|( iOP λ  is always substituted by its logarithm as in (4). 

 )|(log)|( ii OPOf λ=λ  (4) 

This logarithmic score is called log-likelihood score. 

3.2. Normalized score by cohort set 

To include an antispeaker effect in decision score, we simply 
divide the claimed speaker score by his/her antispeaker score 
as 
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or in logarithmic space as 

 )|(log)|(log)|( ′
λ−λ=λ iii OPOPOf , (6) 

where ′
λi  denotes the antispeaker model of the speaker i . 

As mentioned in section 2, we use the other 1−N  claimed 
speakers as an antispeaker set in N -claimed speaker 

verification system. In other words, we construct the ′
λi  

from jλ  for Nj ,,1m=  where ij ≠ . However, to reduce 

computational time, we can choose some typical speakers to 
construct the antispeaker model instead of using all 1−N  
speakers. This set of typical speakers is referred to as the 
cohort set and speakers in cohort sets are referred to as 
cohort speakers [5]. A procedure to find some cohort 
speakers has been described in [5] and is briefly reviewed 
here. 

For each claimed speaker i  with a corresponding iλ  

model, there exists a set of 1−N  antispeakers 
ijj ≠λ=λ′ },{ . Considering all training data of 

antispeakers or, in this content, imposters },,{ 1
′′

=′ TooO m , 

where T  is the total number of training vectors, for cohort 
set MΨ we define 
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where 
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λ′⊂ΛM;  with M speakers 

After we get a set of cohort set },,{ )()1( MssM λλ=Ψ � , 

the )|( λ′OP  in (5) and (6) can be defined by either 
Geometric mean method or Maximum method as in (9) and 
(10) below. 

 
Geometric mean method: 
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Maximum method: 

)|(logmax)|(log)|( )(
)(

jsii OPOPOf
Mjs

λ−λ≡λ
Ψ∈λ

 (10) 

3.3. Normalized score by Global speaker model (GSM) 

A novel SV based on the Global speaker model (GSM) has 
been proposed in [6]. Besides the N  speaker models 

Nλλ ,,1 � , an extra model 1+λN  is added. 1+λN  represents 

the universal speech characteristics that can be obtained by 
modeling all training utterances from all reference speakers. 
Previous work in [6] has described that 

)|()|( 1+λ>λ Niii OPOP , if iO  is an utterance of the thi  

speaker, and )|()|( 1 iiNi OPOP λ
′

>λ
′

+
 for any imposter 

utterance iO′  of the thi  speaker. The idea has been adopted 

to form a formula for GSM speaker verification as shown 
below. 

 )|(log)|(log)|( 1+λ−λ=λ Nii OPOPOf  (11) 

That GSM-based score can enlarge the difference 
between a claimed speaker and the imposters is explained in 
[6]. So, its ability to distinguish an unknown input is more 
powerful than the conventional one. 

3.4. Normalized score by Global antispeaker model 
(GASM) 

An alternative approach for score normalization is proposed 
here, namely the Global antispeaker model (GASM). In 
creating the extra GMM model 1+λN  by the Expectation 

Maximization (EM) training algorithm, we propose to 
include only all utterances of antispeakers. Hence, for each 
speaker i , there will be his/her own 1+λN  for 

normalization. The normalized score can be again computed 
from (11). By this way, we can enlarge the difference 
between the scores from the valid speaker and from a 
imposter. 

4. Experiments 

This section explains our data preparation and experiments 
of speaker verification system based on DTW and GMM 
with scoring algorithms such as, conventional scoring, 
cohort, GSM, and GASM. So, our experiments have three 
parts, namely, preliminary experiments for GMM, 

comparative study of engines, and the comparative study 
scoring algorithms. 

4.1. Data preparation 

Speech data are recorded in an office environment and are 
clustered into two sets: training set and evaluation set. 
Speaking text is digit “5” uttered in Thai, which has been 
empirically proven to be efficient for speaker 
characterization [7]. In the training set, 10 claimed speakers 
are requested to utter the digit 10 times per session for two 
sessions (a session/week for two weeks). Hence, a claimed 
speaker has three, nine and ten antispeakers for cohort, 
GSM, and GASM algorithms, respectively. The evaluation 
set composes of utterances of the digit, from 50 speakers, 10 
times/speaker (10 claimed speakers and 40 imposters). 
Conclusively, there are 200 training utterances and 500 
evaluating utterances. Recording is performed via a 
microphone connected to a PC with 11.025 KHz sampling 
rate and 16-bit linear quantization. During the preprocessing 
stage, a speech signal is endpoint detected, 200-Hz highpass 
filtered, preemphasized, blocked into 200-ms frame with 1/4 
frame overlapping, and feature extracted to become a 
sequence of 15-order MFCC by a bank of triangular filters 
covering from 0 to 4,500 Hz. 

4.2. Comparative experiments 

Regarding only the GMM-based system, several parameters 
need to be adjusted. We must realize again that, during 
GMM modeling, some training utterances are reserved for 
model training. Then, in scoring step, another set of training 
utterances are fed to the models resulting in a set of scores, 
which are used for adjusting the score threshold by the EER 
criterion. Therefore, there are two training sets, called 
“modeling set” (MD) and “thresholding set” (TH). 

Firstly, we consider how many utterances should be 
included in each set. Another significant factor is an 
appropriate number of Gaussian mixtures. A preliminary 
experiment is performed to find a comparison between the 
use of 20 modeling utterances per speaker for setting 
threshold, and the use of 10 modeling utterances/speaker 
with another 10 thresholding utterances (We have, in total, 
20 utterances in the training set for each speaker). The 
Gaussian mixtures are selected to be 16, 8, and 4. EER 
results, FA and FR rates from 500 utterances evaluation set 
are shown in Table 1. 

Table 1: Preliminary experimental results of GMM 

no. training 
utterances  

MD TH 

no. 
mixtures 

EER 
(%) 

FA 
(%) 

FR 
(%) 

20 20 16 0.06 1.20 70.00 
16 2.55 7.94 50.00 
8 2.40 5.98 41.00 

 
10 

 
10 

4 4.17 5.57 41.00 
 

It is reasonable to separate a training set, one for 
modeling and the other for thresholding; hence, the 
threshold will be set considering new utterances rather than 
considering only on the same set as of modeling. The result 
although gives a larger EER, practical test regarding FA and 
FR rates is acceptable. GMM with 8 mixtures is somewhat 
suitable for our system.  
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Secondly, GMM is applied the cohort normalization.  
Therefore, the training set is divided into two. The first 
portion of the training set is used for modeling, and the other 
half is used for thresholding. Eight mixtures are used for 
algorithm comparison. The system based on DTW used 
maximum method according to (10) is selected with 3=M  
cohort size (This value has been empirically suggested by 
[5]). Table 2 shows the results compared between the 
conventional and cohort normalized algorithm in GMM and 
DTW system. 

Table 2: Comparative results between conventional and 
cohort normalization methods, GMM and DTW in systems 

DTW GMM  
System EER 

(%) 
FA 
(%) 

FR 
(%) 

EER 
(%) 

FA 
(%) 

FR 
(%) 

Conven 10.00 0.75 27.95 2.40 5.98 41.00
Cohort 47.10 6.83 17.25 3.94 14.00 21.00

 
From Table 2, The cohort approach can obviously 

reduce the FR rate in both systems, but it raises the FA rate 
and the EER. It is natural that one has to trade off between 
these error rates when selecting a suitable algorithm. The 
overall performance of both systems becomes better for 
practical implementation. It can be seen that GMM is an 
excellence modeling because it gives very low EER, but has 
less tolerance to the open test compared to the DTW. In 
addition, the GMM approach would be very attractive for 
future study, since it has been proven to be robust for 
variations such as microphone and environment. We also 
believe that DTW can give such a high verification rate only 
when the test speech is uttered in the same condition as of 
the training speech. 

Finally, GSM and GASM-based approaches are added to 
the conventional GMM engine as shown in Table 3. 

Table 3: Comparative results among conventional 
GMM, GSM, and GASM-based system 

System EER 
(%) 

FA 
(%) 

FR 
(%) 

Conven 2.40 5.98 41.00 
Cohort 3.94 14.00 21.00 
GSM 2.00 8.59 16.00 

GASM 1.17 6.50 87.00 
 

From table 3, GSM greatly improves the system’s 
performance compared to the cohort-based. It comparing 
GSM to convention algorithm, one can see that the FR rate 
is significantly reduced while keeps an increasing in FA rate 
at minimum. GASM, which by theory enlarges the difference 
between scores from the valid speaker and from antispeaker, 
achieves better EER as expected. It can also reduce the FA 
rate to the lowest, at a price of small increasing of FR rate. 
Note that GASM normalization gives a very strong verifying 
threshold, which may be suitable for a serious security 
system because it has low false acceptance rate (FA) and 
high false rejection rate (FR). 

5. Conclusions 

This paper presents a route of research to improve a text-
dependent speaker verification (SV) system using Thai digits 
as a spoken password. Works start from a baseline system 
regarding a normal scoring without any score normalization 
techniques. Two well-known SV engines, DTW and GMM, 
are developed and compared with each other. The GMM 
gives a better EER as a price of higher FA and FR rates. 
DTW may convey a good verifying performance in a unique 
environment, but GMM should be more robust to a variety 
of testing conditions. The cohort, GSM, and GASM 
normalized techniques are applied to the system aiming to 
stretch the difference between a valid speaker’s score and 
other imposter’s scores. It can be concluded that each of 
score normalization approach can improve system 
performance, but one needs to trade off among EER, FA, 
and FR. Results show the best EER at 1.17% from our new 
proposed technique, GASM, while it gives the worst FR rate. 
The authors suggest that which technique and what engine to 
use depending on how verifying strength an implementer 
needs, and what situation the system locates. 
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