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ABSTRACT
This paper deals with the automatic discrimination of Arabic
dialects. We focus on the relevancy of the vowel system
scattering as a cue for Western vs. Middle-Eastern distinction of
Arabic dialects. The former group indeed is characterized by a
centralized distribution of the short vocalic segments although
the latter favors a peripherical scattering. These two types of
distribution in the acoustic space allowed us to consider this
phonetic criterion as reliable for the discrimination of dialectal
varieties in Arabic.
The experiments are based on an automatic vowel detection
algorithm and a statistical vowel system modeling. Experiments
are performed using utterances recorded from a score of Arabic
speakers of various geographical origin. Results show that
Western dialects and Middle-Eastern dialects may be
discriminated using cepstral features combined with a vowel
duration cue since the rate of correct identification reaches 78 %.

1. INTRODUCTION

Automatic Language Identification (ALI) is one of the main
challenges for the next decade in automatic speech processing.
Today, many efforts have been focused on speech technology to
provide reliable and efficient Human-Computer Interfaces. With
the development of the world communication and of our multi-
ethnic societies (European Economic Community…), the
demand for multilingual capacities becomes a fact. However,
even if good results are reached by the latest systems [11],
performances are still limited by numerous factors, including the
great variability that may exist in one language (French spoken in
France and Quebec for example). In numerous cases, it may be
more efficient to model independently dialects that may be quite
distant. The multilingual Callfriend corpus [4] focus on this
aspect since two dialectal sets are recorded for American English,
Spanish and Mandarin. In this paper, we investigate another
broad geographical area that presents a wide diversity : the
Arabic area. Linguistic characteristics of this language are given
in Section 2. According to several studies, a relevant part of the
dialectal differences concerns the vowel system structure
(Section 3) and we focus on this aspect for the dialectal
identification. Indeed, the implemented system is based on an
automatic detection of vowel present in the speech signal
(Section 4). This algorithm is used to extract vowels from
utterances recorded from two geographical domains : the
Maghreb and the Middle-East areas. Then, a vowel system
modeling is performed (Section 5) in a cepstral space. Automatic
discrimination using this modeling is investigated in Section 6.

2. THE ARABIC LINGUISTIC DOMAIN
The linguistic domain covered by Arabic is widely extended. It
goes from Mauritania at the extreme west to Jordan at the
extreme east. It is yet possible on the basis of some phonetic
criteria to set up a linguistic frontier between western Arabic
dialects and their eastern counterparts [3]. One of these criteria
being the vocalic distribution in the acoustic space.

3. DIALECTAL VOWEL SYSTEM DESCRIPTION AND
DISCRIMINATION

The vocalic system of Arabic is often described as being
composed of 3 short vowels [J, V, B] and 3 long ones [JÖ, VÖ, BÖ].
Nevertheless, several studies show that the dialectal forms of
Arabic attest some other vocalic segments. Maghrebian dialects
for example can be opposed to Middle-Eastern ones in so far as
they lost most of their short vocalic substance. As a matter of
fact, an acoustic analysis conducted over 4 different Arabic
dialects showed that the former group tend to centralize short
vowels in closed syllables although the latter favor a peripherical
distribution [2]. Figure 1 illustrates these two different types of
vocalic scattering and locates the prototypical formantic values
for Modern Standard Arabic (MSA).
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Formantic values for MSA [6]

Figure 1 – Distribution in the acoustic space (F1/F2) of the short
vowels in CVC structure (Maghreb + Middle-East Areas)
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4. AUTOMATIC VOWEL DETECTION
In our experimental platform the acoustic modeling is language
independent, while the phonetic modeling consists in language
specific VSM.
To  locate the vowel segments, two pre-processing are performed
before the parameter are estimated. The “Forward-Backward
Divergence” algorithm provides a relevant segmentation more
adapted than the classical constant duration frame technique. A
Speech Activity Detector flags each segment not to process long
silences, and a vowel detector is in charge with locating vocalic
segments in the utterance. Finally, a cepstral analysis is
performed to generate the inputs of the VSMs.

4.1. A priori Segmentation
The "Forward-Backward Divergence" algorithm [1] provides the
segmentation. A statistical divergence criterion is computed at
each instant t between two AR models θ0 and θ1 estimated on
two different windows. θ0 is estimated on a growing window
[0, t] while θ1 is estimated on a short L duration sliding one [n-t,
n]. The divergence criterion is computed from the cross entropy
between the distributions of θ0 and θ1.
Assuming that these distributions are Gaussian, it can be shown
that the cumulative divergence Wn has a zero conditional drift
under the hypothesis θ = θ0, and a conditional drift equal to the
opposite of the conditional Kullback’s divergence under the
hypothesis θ = θ1. The algorithm is improved applying the Page-
Hinkley rule in order to detect inversion of trend rather than a
simple negative trend.
The actually implemented algorithm is modified by the use of a
backward detection that corrects the possible misses of the
forward computation.

4.2. Vowel Detection
The vowel detection algorithm locates sounds that match a
vocalic structure via a spectral analysis of the signal [10]. It can
be applied in a language and speaker independent way without
any manual adaptation phase. Since it has been formerly
designed to operate with telephone speech, only the 300-3500 Hz
band is considered.
A spectral function (named Reduced Energy Criterion or Rec),
derived from a Mel-scale spectral analysis performed through 24
filter banks, is computed.
Let t be the number of the current frame and Ei(t) the energy of

the tth frame in the ith Mel filter. Let also )(tE be the related

mean of filter energies and E(t) the total energy of the tth frame.
In order to take only voiced sounds into account, let ELF(t) be the
energy in the low frequencies (300 Hz – 1000 Hz) Mel filters.
The criterion is then given by:
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where δi is equal to one for filters from 300 Hz to 3200 Hz, and
equal to zero for all other frequencies.
Generally speaking, the closer a sound is from a vocalic
structure, the higher the Rec function is. Furthermore Rec peaks
located in segments longer than 15 ms are supposed to
correspond with vowels.
Figure 2 provides an example of detection performed upon an

Arabic utterance. The male speaker says “the wind and the sun
were arguing” in his dialect (Algerian from Wahran). The
phonetic transcription is also given.
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Figure 2 – Example of vowel detection. The speaker says “The
wind and the sun were arguing”. Vertical lines results from the

automatic vowel detection.

5. VOWEL SYSTEM MODELING
Vowels detected in the learning corpus are parameterized via a
cepstral analysis. Then a VSM (that is barely a Gaussian Mixture
Model [9]) is trained with the data corresponding with each
dialectal area. During the identification phase, the likelihood of
the unknown utterance is computed according to each dialect-
specific VSM in order to identify the origin of the speaker.

5.1. Parameter estimation
Each detected vowel segment is represented with a set of 8 Mel-
Frequency Cepstral Coefficients (MFCCs). The cepstral analysis
is performed using a 32 ms Hamming window centered on the
detection peak. This parameter vector may be extended with the
duration of the underlying segment. It results in a 9-coefficient
parameter space. Detected vowels are gathered for each recording
session, providing a set of observations corresponding with the
vowel system of each speaker. Before bringing the observations
of all the speakers of a specific area together, additional
processing is necessary to unify the observation space. It consists
in a cepstral subtraction to operate a speaker normalization. For
each recording session, the average MFCC vector is computed
over all vowels; it is then subtracted from each vowel
coefficients. In the same way, observations of each session are
divided by the corresponding standard deviation. The calculation
of the channel effect over the vowel segments rather than over
the whole utterance does not show any significant differences.

5.2. Learning stage
Let X = {x1,x2,…, xN} be the training set and Π = {(αi,µi,Σi),
1 ≤ i ≤ Q} the parameter set that defines a mixture of Q p-
dimensional Gaussian pdfs. The model that maximizes the
overall likelihood of the data is given by:
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where αk is the mixing weight of the kth Gaussian term.
The maximum likelihood parameters Π* are obtained using the
well-known EM algorithm [5]. This algorithm presupposes that
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the number of components Q and the initial values are given for
each Gaussian pdf. Since these values greatly affect the
performances of the EM algorithm, a Vector Quantization (VQ)
is applied to the training corpus to optimize them.
5.3. VSM initialization
While standard supervised approaches may model each vowel
with one or more Gaussian pdfs, the proposed method models the
whole vowel system as one GMM. The Gaussian functions may
not match the theoretical vowel qualities and the initialization
process becomes obviously crucial since it is not supervised.
The well-known LBG algorithm is used to provide roots for the
EM algorithm:
The LBG algorithm [7] elaborates a partition of the observation
space by performing an iterated clustering of the learning data
into codewords optimized according to the nearest neighbor rule.
The splitting procedure may be stopped either when the variation
of the data distortion drops under a given threshold or when a
given number of codewords is reached. It results in a
multidimensional reference map of the vocalic patterns.
5.4. Identification rules
During the identification phase, all the vowels detected in the
utterance are gathered and parameterized. The likelihood of this
set of segments Y = {y1, y2, …, yN} according to each VSM
(denoted Li) is given by:
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where Pr(yj|Li) denotes the likelihood of each segment that is
given by:
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under the Winner Takes All (WTA) assumption [8].

6. EXPERIMENTS
6.1. Corpus description
Experiments are performed with data from 20 speakers from
various geographical origins. Each speaker has recorded 4
repeats of the French text “La bise et le soleil”, pronounced in
their own dialect. The mean duration of one repeat is about 1
minute. To avoid the subjects to speak in standard Arabic, they
were asked to translate the text from French rather than to read an
Arabic transcription of it.
5 speakers are gathered for each dialectal area (respectively
Maghreb and Middle-East) as training sets (resp. Table 1 and
Table 2). The 10 other speakers are considered for the test (Table
3).
Both training and test procedure involve the four repeats for each
speaker (i.e. 40 tests are performed).

Speaker Id. Country City
B0008 Algerian Wahran
B0009 Moroccan Rabat
B0010 Moroccan Rabat
B0016 Moroccan Casablanca
B0017 Moroccan Casablanca

Table 1 – Speakers of the training set for Maghreb area.

Speaker Id. Country City
B0004 Syrian Alep
B0005 Jordanian Irbid
B0007 Jordanian Irbid
B0020 Lebanese Beirut
B0021 Syrian Alep

Table 2 – Speakers of the training set for Middle-East area.

Speaker Id. Country City
B0011 Algerian Touggourt
B0013 Algerian Jijel
B0022 Moroccan Tetouan
B0024 Moroccan Rabat
B0002 Moroccan Casablanca
B0001 Egyptian Assouan
B0006 Palestinian Hebron
B0023 Syrian Homs
B0025 Palestinian Haifa
B0031 Jordanian Irbid

Table 3 – Speakers of the test set.

6.2. Vowel System discrimination
For each recording, the detected vowels are parameterized
according to the procedure described in section 5.1. Two
experimental conditions are investigated according as the
segment duration is considered or not. For each parameter space
(cepstral space or cepstral + duration space), 4 VSM topologies
are studied, with a number of Gaussian component ranging from
5 to 20. The objective is first to test if an automatic
discrimination between the two areas is possible and secondly,
what model size leads to the best description of the vowel system
of each area since this optimal size may be related to the vowel
system complexity.

• Experiment in a cepstral space
Though the limited number of speakers does not allow to obtain
very significant statistical conclusions, the results show
interesting trends (Figure 3).
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Figure 3 – Correct identification rate for the test set (Maghreb
speakers, Middle-East speakers and mean value) according to the

model size. Parameters are 8 MFCC.
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Models with a low number of Gaussian components can not
efficiently discriminate between the two areas: almost all the test
utterances are classified as Maghreb dialect (high Maghreb
identification rate and low Middle-East identification rate). When
the model size increases, this effect disappears, and a mean
identification rate of  70 % is reached (chance is 50 %) for 20
Gaussian components.
It means that a more complex model is necessary to characterize
the vowel system of Middle-East area than the vowel system of
the Maghreb one.

• Experiment in a cepstral + duration space
In a second experiment, the vowel segment duration is taken into
account in a 9 parameter space (8MFCC + Duration). Again,
interested trends arise (Figure 4).
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Figure 4 – Correct identification rate for the test set (Maghreb
speakers, Middle-East speakers and mean value) according to the

model size. Parameters are 8 MFCC + Duration.

Considering low size models, the identification is slightly more
efficient than without taking the duration parameter into account
since the identification rate of Middle East area is close to chance
(while the Maghreb identification score is still high). It means
that there is no more bias that systematically misclassifies the
utterances of the Middle-East area, though its model is not
discriminative enough to reach a good classification.
With more complex models (20 Gaussian components), the
correct discrimination rate increases to a mean value equal to
78 %, and the identification rate of each area are not significantly
different.

7. CONCLUSION
The aim of this study was to assess the relevancy of the vocalic
distribution for the automatic discrimination of Arabic dialects
on the basis of a geographical criterion (i.e. western vs middle-
eastern).
The experiments, though not very significant statistically
speaking, make interesting trends arise. It seems that a more
complex model is necessary to describe correctly the vowel
system of the Middle-East area than to handle with the vowel
system of the Maghreb area. Moreover, the vowel duration seems
to be a feature that is relevant in a discrimination task between
those dialectal areas.
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