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Abstract: Problem statement: Researchers on Arabic speaker recognition hawt losal data bases
unavailable to the public. In this study we wolleIto investigate Arabic speaker recognition using
publically available database, namely Babylon Léwven available from the Linguistic Data
Consortium (LDC). Approach: Among the different methods for speaker recognitie focus on
Hidden Markov Models (HMM). We studied the effedtbmth the parameters of the HMM models
and the size of the speech features on the redmgmnite. Results: To accomplish this study, we
divided the database into small and medium sizasdtd. For each subset, we found the effect of the
system parameters on the recognition rate. Thermess we varied the number of HMM states, the
number of Gaussian mixtures per state, and the euoflspeech features coefficients. From the rgsult
we found that in general, the recognition rategases with the increase in the number of mixttites,
reaches a saturation level which depends on tha dae and the number of HMM states.
Conclusion/Recommendations. The effect of the number of state depends on #te size. For small
data, low number of states has higher recognitie. For larger data, the number of states has very
small effect at low number of mixtures and negligieffect at high number of mixtures.
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INTRODUCTION deal with than text-independent systems and have
higher recognition rates. Nonetheless, we will tese
The literature on Arabic speaker recognitionindependent because, it fits our forensic appbcati
systems has a good number of researches, though vegoal and more suitable for the database.
low compared to English language. Among those  The current trend in the literature is to use GMM
researches, unfortunately very few worked on somédor text independent speaker recognition (Bimétal.,
well known datasets. All others used local recagdjin 2004). In this study, we are going to use HMM/GMM
(unavailable for extended or further research theot because, though we are reporting on two subsetseof
groups), containing some digits, or some primitivedataset, but at the end we are going to use thdewho
words, just enough to say it is a local datasets Th dataset, hence HMM/GMM might be able to use the
makes it hard to compare the different systemstlagid  information embedded in the long samples of speech.

results. Current work using HMM shows excellent results
In this study we focus on the Babylon datasetDeshpande and Hoalmbe, 2008; lighaal., 2007).
(BBL), which is available from the Linguistic Data In our investigation, we looked at the effect of

Consortium (LDC). We present the results of speakevarying the system parameters on the speaker riticogn
recognition on two subsets of the dataset usingléfid rates. The different variations were as follows: Uéed
Markov Models/Gaussian Mixtures Models 1-4 states per HMM model, using 1, 2, 4, 8, 12at8
(HMM/GMM). 24 Gaussian mixtures per state. We used 12 and 36
The subsets consist of both males and femaledMFCC (12MFCC+ 12MFCC and 1AAMFCC).
We will present the results for the subsets
independently of the gender of the speaker theh eac MATERIALSAND METHODS
gender is presented alone.
The system, that we will investigate, is text- Babylon Levantine LDC dataset: Among the public
independent. The text-dependent systems are dasier datasets available from LDC, we have chosen the,BBL
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because it is formed of spontaneous speech. Thefuse speech, namely their first and second order devist
spontaneous speech is more suitable in many farensin order to give better recognition rates.

applications. Spontaneous speech is harder to withk Many proposals are available in the literature to
than read Spe-eCh and has its own characteristids aﬁh‘]prove the System performance by proposing other
problems (Shriberg, 2005). features (Grimaldi and Cummins, 2008) or combining

The BBL dataset consists of 164 speakers, 10}4rcc with other features, such as high level fezgtur
males and 63 females. It is a set of spontaneceschp (Shriberg, 2007; Ezzaidit al., 2001). Those proposals

sentences, recorded from 164 subjects speaking $id not show much improvement over MFCC, hence
Levantine colloquial Arabic. Levantine Arabic iseth we restrict our study to MFCC and their dynamic

dialect of Arabic spoken by ordinary people in counter parts, for system simplicity and ease of

Lfebanon, Jordan, Syria and Palesting. Itis S@".“"'y comparison with other works. In our recognition
different from Modern Standard Arabic (MSA), in tha system, we used 12 and 36 MFCC (12MFCC+

it is a spoken rather than a written languagendhuides
different word pronunciations and even differentegy 12A'§|A_ECC and 1AAMFCC). bout th ded
from MSA, the written and “Official” form of Arabic . nere were Some concerns abou € recorde
The subjects in the corpus were responding tc];IIeS in the dataset. For example, (i) thg datm
; : p . recorded through a microphone and using a kind of
refugee/medical questions (such as “Where is YOUL itch (or mouse click) which induced bursts or
pain?”, How old are you? , and were playing the pér

f h subi . | hspikes in all the wave files. We removed all these
refugees. Eac su ject was given a part to p ayt, t spikes from our selected files. (ii) The recordpdesh
prescribed what information, they were to give in

i amount was not of the same length for all the spesak
response to the questions, but were told to expresss some speakers spoke for a long time compared to

themselves naturally, in their own way, in Arabl®  gthers, a ratio of 1-5 was sometimes observed.
avoid priming subjects to give their answer with apowever, we did not time normalize the speech
particular Arabic wording, the parts were given indurations across the speakers. (i) Some spediats
English rather than Arabic. All subjects were thUSmany ‘euh’ at each answer, making a non spontaneous
bilingual. The following is part of an example saén: manner of talking. We left it as is, to make outadas
realistic as possible. (iv) There was too muchnsiteat
“You are Maraam Samiir Shamali.., you have  the beginning and at the end of the files, in thol
no children” dataset. Silence represented a ratio of approxiynate
from the full dataset. We removed this silence fribwm
Speech data has been recorded using a closegtalkirselected sentences using loudness and zero-crossing
noise-cancelling, headset microphone (the Andrea&riteria. (v) Some speakers were not well undecsa®
Electronics NC-65). A Java-based data-collectionl,to others, due perhaps to the distance from the
developed by BBL, was used to do the collection ofmicrophone.
speech. The audio was recorded in MS WAV, signed The obtained wave files were segmented into
PCM. Sampling rate was 16 KHz, with 16-bits frames of 20 ms, with an overlap of 10 ms; Eacmé&a
resolution. is then converted to a set of MFCCs.

System specification: HMM models: Hidden Markov Models (HMMs)
Feature extraction: The set of observations related to (Rabiner, 1989) are a well known and widely used
each state are well modeled by the Cepstrastatistical method for characterizing the spectral
coefficients, mainly the Mel-Frequency Cepstralfeatures of speech frames. The assumption undgrlyin
Coefficients (MFCC). The Mel-Cepstrum makes use oHMM is that the speech signal can be well
the auditory system principle, namely, it has ahhig characterized as a parametric random process and th
discriminating power at lower frequencies compaed parameters of the stochastic process can be peddict
higher frequencies. Cepstral coefficients are tlsty  a precise, well-defined manner, for example, by a
used features in speaker recognition due to mangixture of Gaussians.
reasons, the most important one is that they reptes For speaker recognition, each speaker is modeled
well the vocal tract changes and have the ability t by an HMM of a fixed number of states, to which are
contend with convolution channel distortion. associated a mixture of Gaussians representing the

Usually the MFCC are augmented by someSPace of observations (segments of voice) of each
parameters that represent the dynamic features &GPeaker.
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In (Matsui and Furui 1992) , the authors concludedThe list of speakers and their corresponding total
that “with continuous HMM'’'s, the speaker speech durations in seconds is presented in Table 1
identification rates are strongly correlated witle total where the ID numbers represent the speaker as
number of mixtures, irrespective of the number ofmentioned in the dataset document.
states”. A recent study (Deshpande and Hoalmbe3)200

concluded that “the speaker identification rateingis RESULTS

Continuous Density HMM (CDHMM) are strongly

correlated with the number of mixtures per stai the The initial idea, of incrementing the number of
amount of data used for training”. states against the variation of the number of mésypis

In this study, we used an HMM model per speakeg, apply the investigation of (Deshpande and Hoalmb
and varied the number of states per model from 1-4540g) to the Arabic speaker recognition. The awthor
with d|ff.erent number of mixtures per state (# mentioned that the best result of speaker ideatifn
mixtures: 1, 2, 4, 8, 12, 16 and 24), for the twbsets \ya5 obtained with a 2 states single mixture HMM.
with different amounts of speech and different nemb q,; results for the first dataset shows that fdow
of speakers. number of states, we got higher recognition rates,
Training and testing: shown in Fig. 1, which agrees in general with

First subset: This subset consists of the first 20 (Deshpandg and Hoalmbe, 2098)' . .
speakers in the database (ID 001-020). The subset F'om Fig. 1, we can notice that increasing the
consists of 10 males and 10 females. For each epeaknumber of mixtures increases the recognition réfe.
wave files into two parts, 2/3 for training and g  result, except at the case of one Gaussian per stat
testing (average of 32 and 16 sec respectively). We
used 12 MFCC and varied the number of states from 1 ,, -

3 and the number of mixtures per state from 1-24. s |

Second subset: This subset consists of 60 speakers, 30 70% |
males and 30 females. Each speaker had 20 sentenceso% -
The selected sentences were the longest wave filesos |
existing in the directory of each speaker respeftiv. . |
The first 14 largest sentences were used for trgiand
the remaining 6 were used for testing. No initial
analysis had been done on the quality of the spsake
in order to select the best candidates, since this™"
selection will result in an unrealistic situationdpeaker 0% LM G 4G BGVIA 1260 TGN 24601
recognition. In real situations, impostors might be

anyone, sometimes even from the registered sete08. g 1: Recognition rate for 20 speakers (12 MFCCs)

| 1 State
W 2 States

3 States
30% -

Table 1: Subset of 60 speakers (30 males and 3aldejnand their against HMM states’ increment
corresponding speech durations (Dur.) in seconds
Males Females 1.00 7
0.90
ID Dur. ID Dur. ID Dur. ID Dur. 0.80

003 137 033 103 001 240 029 244 0.70 1
005 99 035 271 002 182 030 346 0.60 1

007 171 038 150 004 92 034 105 050 - | istate
013 113 039 139 006 120 036 269 040 - u 25tates
014 73 040 144 008 50 037 100 o030 - 35tates
015 101 041 146 009 98 210 104 o020 w4 5tates
016 105 042 231 010 79 211 76 o0 -

017 118 043 83 011 114 216 127 g0 -

018 396 044 123 012 127 219 78 S e o e e e e

020 180 200 220 019 124 220 59 S F O F L F &S

021 320 201 73 023 121 222 106 SRS R P A

022 170 202 61 024 134 227 123

027 178 203 197 025 301 231 9% .

031 236 204 54 026 184 232 295 Fig. 2: Recognition rate for 60 speakers (12 MFCCs)
032 261 205 66 028 123 238 91 against HMM states’ increment
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Fig. 6: Recognition rate for 30 female speakers (12
MFCCs), against HMM states’ increment

Fig. 3: Recognition rate for 60 male ealers
(36 MFCCs), against HMM states’ increment 0.90 1
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Fig. 7: Recognition rate for 30 female speakers (36
Fig. 4: Recognition rate for 30 male speakers (12 MFCCs), against HMM states’ increment

MFCCs), against HMM states’ increment
For the second subset, our results do not agrie wi
1.00 1 (Deshpande and Hoalmbe, 2008) conclusion because

ol 1011 the recognition rate was higher when we increabed t
0.70 4 = = = number of states, put they agree thh_ the conatueio

0.60 111 (Matsui and Furui, 1992) where it is clear that the
050 1 1 11 mLstate recognition rate depended mainly on the number of
0.40 - | | [ | " 25tates mixtures.

0.30 - l I l ™ 3 States

0.20 - ates

010 | I H I o DISCUSSION

0.00 -

We can observe, from the Fig. 1-7, that increasing
the number of mixtures increased the recognitida ra
noticeably at the cases of low number of mixtudes2(
Fig. 5: Recognition rate for 30 male speakers (3& and 8). For the case of 12 mixtures and more, the

MFCCs), against HMM states’ increment number of mixtures did not have any noticeable
difference on the results, nor did the number afest

Figure 2 and 3 present the results for the 6@y "noticeable”, we mean a variation more than 3%.
speakers of the second subset, using 12-36 MFC®@/e also can remark that males had better resudis th
respectively. Figure 4 and 5 give the result fotesaf the females, for almost all the variations in thenber
the same subset using also 12-36 MFCCs respectivelpf states as well as the number of mixtures. Iriolgd
while Fig. 6 and 7 give the result for the femadéshe  the AMFCC andAAMFCC, had no noticeable effect, on
same subset using 12-36 MFCCs respectively. the overall recognition rates.
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In Matsui and Furui (1992) concluded that theDeshpande, M.S. and R.S. Hoalmbe, 2008. Text

speaker identification rates are strongly correlatéth
the total number of mixtures, irrespective of thwenber
of states. Our results lead to the same conclusiben

varying the number of mixtures from 1-12. From 12
mixtures and up it seems that neither the number of
mixtures nor the number of states have any notleeab
These conclusions are not the same aBzzaidi, H., J.

effect.
(Deshpande and Hoalmbe, 2008) conclusion.

independent speaker identification using hidden
Markov models. Proceeding of the 2008 1st
International Conference on Emerging Trends in
Engineering and Technology, July 16-18, IEEE
Computer Society, USA., pp: 641-644. DOI:
10.1109/ICETET.2008.46

Rouat and D.O. Shaughnessy,
2001.Towards combining pitch and MFCC for

There was no noticeable difference in changing the speaker identification systems.
number of mixtures between the result of the 60 http://citeseerx.ist.psu.edu/viewdoc/download?doi=

speakers and the males or females subsets, thkifren
gender independent. Similar conclusion can be eshch Grimaldi, M.

for effect of changing the number of states.

CONCLUSION

We developed an HMM/GMM based system for
Arabic speaker recognition; we used two subsets, on

with 20 speakers and the other with 60 speakers; fr

10.1.1.6.3889&rep=repl&type=pdf

and F. Cummins, 2008. Speaker
identification using instantaneous frequencies.HEE
Trans. AudioSpeech Language Process., 16: 1097-1111.
DOI: 10.1109/TASL.2008.200110

llyas, M.Z., S.A. Samad, A. Hussain and K.A. Ishak,

2007. Speaker verification using vector quantizatio
and hidden Markov model. Res. Dev. SCORED.
12: 1-5.

the Babylon dataset. We investigated the effect oMatsui, T. and S. Furui, 1992. Comparison of text-

varying the number of states and number of mixtures
per state of the HMM model. Our results have shown

that, for the larger dataset, there is a strongetation
between the recognition performance and the nuwiber
mixtures per state, which favors the findings ofafMui

independent speaker recognition methods using VQ-
distortion and  discrete/continuous  HMMs.

Proceeding of the IEEE International Conference on
Acoustics, Speech and Signal Processing, Mar. 23-
26, |IEEE Xplore Press, San Francisco, CA.,

and Furui, 1992). pp: 157-160. DOI: 10.1109/ICASSP.1992.226096
For the small dataset, increasing the number oRabiner, L.R., 1989. A tutorial on hidden Markov

states did not affect the recognition rates asesming models and selected applications in speech

the number of mixtures per state. Moreover low neimb recognition. IEEE Proc., p. 257-286.

of state has better results than high number désta Shriberg, E.E., 2005. Spontaneous speech: how @eopl

We also found that the recognition rate for male really talk and why engineers should care.

speakers is a bit higher than for the female spsake Proceeding of the European Conference on Speech
For the larger dataset the number of states has Communication and Technology, (CT'05), IEEE,

small effect at low number of Gaussians and alrhast USA., pp: 1781-1784.

no effect at high number of Gaussians. http://citeseerx.ist.psu.edu/viewdoc/download?doi=
We are currently working on modeling the whole  10.1.1.73.3765&rep=repl&type=pdf

dataset and investigating the effect of the numdfer Shriberg, E.E., 2007. Higher-level features in &pea

states and the number of mixtures per state asasell recognition.Lecture Notes Comput. Sci., 4343: 241-259.

the type of HMM used.
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