
 
 

 

  

Abstract— In this paper we are proposing a new multilingual 
approach for dialectal Arabic speech recognition. Dialectal 
Arabic is only spoken and not used in written form in almost all 
domains and there is no standard for dialectal Arabic 
transcription. Therefore, preparing large training corpora for 
dialectal Arabic acoustic modeling is too difficult compared to 
Modern Standard Arabic. We have built several acoustic 
models with news broadcast speech corpus of Modern Standard 
Arabic speech. Egyptian Colloquial Arabic has been chosen in 
our work as a typical Arabic dialect example. We have collected 
Egyptian Colloquial Arabic connected digits corpus to evaluate 
our approach. We were able to use Modern Standard Arabic 
acoustic models as multilingual models to decode Egyptian 
Arabic. We were able to reach a recognition rate of 99.34% 
which is very satisfactory compared to the monolingual 
approach and compared to previous work in spoken Arabic 
digits speech recognition.  

I. INTRODUCTION 

RABIC language is the largest still living Semitic 
language in terms of number of speakers. Around 250 

million persons are using Arabic as their first language and 
the number of speakers using Arabic as a second language 
can reach four times that number. Arabic is the official 
language in 21 countries known by the Arab countries and it 
is the 6th most widely used language based on number of first 
language speakers. 

There are three types of the Arabic language: classical 
Arabic, modern standard Arabic (MSA), and colloquial 
Arabic. The classical Arabic is the most formal and standard 
type of Arabic and it is the language of the Koran. Koran 
script represents almost completely the phonetics of the word 
because of the existence of diacritic marks. MSA is different 
than classical Arabic in that MSA is written with the absence 
of diacritic marks. MSA is the current standard form of 
Arabic and it is used in writing, news broadcast, formal 
speeches, and movies subtitling [8]. 

MSA is not the natural spoken language for native Arabic 
speakers and it is considered as a second language for all 
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Arabic speakers. Colloquial (or dialectal) Arabic is the 
natural spoken Arabic in everyday life. On the other hand, 
colloquial Arabic is not used as a standard form of Arabic in 
writing or publishing. Furthermore, still there is no 
commonly accepted standard for colloquial Arabic writing 
system. There exist many Arabic dialects and almost every 
country has its own colloquial form and even within the same 
country we may find different dialects.  

Dialectal Arabic can be divided into two groups: Western 
Arabic and Eastern Arabic. Western Arabic can be 
subdivided into Moroccan, Tunisian, Algerian, and Libyan 
dialects. While Eastern Arabic can be subdivided into 
Egyptian, Gulf, and Levantine [13].  

Previous work with colloquial Arabic speech recognition 
did not show high recognition accuracy compared to MSA 
and compared to other languages [3], [4]. Most previous 
researches consider colloquial Arabic and standard Arabic as 
two different languages [13]. The major problems in building 
an accurate speaker independent speech recognizer for 
dialectal Arabic are: the difficulty of obtaining adequate 
training data to build robust speaker independent acoustic 
models and there is no common standard for the transcription 
of Arabic dialects [4]. 

In this research, we are trying to use acoustic models 
trained with large MSA news broadcast speech corpus to 
work as multilingual or multiaccent models to decode 
colloquial Arabic. Multilingual spoken language processing 
represents a demanding area of research especially for 
languages without sufficient training resources and is 
discussed in [1], [10], [12], and [16].  

II. MSA ACOUSTIC MODELS 

MSA consists of 38 phonemes, 28 are original consonants, 
4 are foreign and rare consonants and 6 are vowels as shown 
in Table I and Table II.  

The speech recognition engine that was used in this 
research is CMU Sphinx4 [5]. Sphinx4 is an HMM-based 
speech recognition system written entirely in Java. We have 
chosen the Nemlar broadcast news speech corpus [6], [9] to 
build the acoustic models. The corpus consists of 40 hours of 
MSA news broadcast. The broadcasts were recorded from 
four different radio stations: Medi1, Radio Orient, Radio 
Monte Carlo, and Radio Television Maroc. All files were 
recorded in linear PCM format, 16 kHz, 16 bit. The total 
number of speakers is 259. The corpus comes with a lexicon 
of 62,000 words with SAMPA [14] phonemes for Arabic. 
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This corpus was mainly chosen to build the acoustic 
models because: 
1) The corpus is relatively new. 

2) The transcription is fully vowelized -i.e. contains 
diacritic symbols- and hence there is no need for 
automatic or manual diacritization as in [2]. 

3) The high number of speakers will help to better 
modeling different Arabic accents. 

4) The corpus is available for a comparatively low price. 
Broadcast news corpora usually contain many types of 

noise since they were not recorded for the purpose of speech 
recognition. We have processed the Nemlar corpus to 
exclude the following types of noise: music, cross-talks, and 
undetermined noise. We have also excluded speech segments 
for non-native speakers and those containing truncated words 
from the corpus. We have kept inspiration, microphone, 
rustling of paper, and hesitation noise to be included in the 
filler dictionary since they already exist in the orthographic 
transcription. After filtration the 40 hours were been reduced 
to 32 hours. 

The training set has been ported to CMU SphinxTrain in 
order to build the acoustic models. Several context 
dependent HMM-based acoustic models have been created 
with changing the number of tied-states and number of 
Gaussian densities. The number of tied-states was set from 
250 to 5500 and the number of Gaussian densities was set 
from 2 to 32. The number of states per HMM was set to 3 
and 13 MFFC coefficients with 40 Mel frequency bands 
were taken. The frame rate was the same as in the training 
data and was set to 16 kHz. 

III. EGYPTIAN COLLOQUIAL ARABIC CORPUS 

Egyptian Colloquial Arabic (ECA) has been chosen as the 
Arabic testing dialect as it is the most famous and popular 
Arabic dialect especially because of the popularity of 
Egyptian movies in the Arab world [4]. We have chosen the 
domain of connected digits speech recognition for this 
experiment for many reasons: 
• Most frequently used in spoken dialogue systems as it is 

one of the essential application in many speech domains 
as used in personal IDs, zip or postal codes, phone 
numbers, numerical menus selection...etc. 

TABLE I 
ARABIC CONSONANTS CLASSIFICATION ACCORDING TO SAMPA 

NOTATION AND THE CORRESPONDING ARABIC GRAPHEMES. 

Consonant Type SAMPA Grapheme 

b ��
t � 

d � 
t` 

� 
 d` � 
k � 
g � 
q 	 
? 
 

Plosive 

p � 
f ��
v � 
T � 
D  
D` � 
s � 
z � 
s` � 
S � 
Z � 
x � 
G � 
X\ � 
?` � 

Fricative 

h � 
m � Nasal 

n � 
Trill r � 

l � Liquid 

l` � 
w � Approximant 

j � 
 

 

TABLE II 
ARABIC VOWELS CLASSIFICATION ACCORDING TO SAMPA NOTATION 

AND THE CORRESPONDING ARABIC GRAPHEMES 

Vowel Type SAMPA Grapheme 

i �� �
a !"  

Long 

u #$  
i: �  
a: "  

Short 

u: $  
 



 
 

 

• Egyptian speakers are not familiar of reading Arabic in 
the colloquial form and many speakers hesitate during 
reading, but in the domain of digits we can write just the 
digits instead of the words and ask the speaker to read it 
in his native Egyptian spoken language in order to speak 
as natural as possible and to limit hesitations during 
reading. 

• If the proposed approach is performing well in the digits 
domain, it will most likely perform well in other 
domains or at least close to the performance in the digits 
domain. 

• In a small speech domain like connected digits 
recognition, it is possible to build a monolingual 
acoustic model for dialectal Arabic that can be used as a 
baseline when comparing other multilingual approaches 
as the proposed one in this paper. 

• The Arabic script can be mapped directly to phonemes 
(almost one-to-one mapping) only if the script contains 
diacritic symbols and in general Arabic does not contain 
special or foreign words that have different 
pronunciation than the script. Non-diacritized Arabic 
script leads to lots of ambiguity. Since colloquial Arabic 
is only spoken, writing the correct colloquial script is 
difficult and may vary from one person to another one 
especially with the absence of diacritics symbols. Since 
there is no standard for the transcription of colloquial 
Arabic forms, for instant someone can interpret long 
vowel as short vowel or vice versa and this is the main 
reason that makes the transcription of colloquial Arabic 
difficult compared to MSA. In a small speech domain 
like digits we will prevent this transcription problem 
since the lexicon is small compared to a wider speech 
domain and spending manual efforts in transcription is 
feasible. 

• Speech recognition performance in the digits domain 
has been investigated many times for many other 
languages and hence we can compare our results to 
previous work. 

The corpus was recorded using Hama PC headset CS-499 
that includes a microphone with 108 dB sensitivity and 32 
Ohm impedance. The corpus consists of 50 Egyptian native 
speakers, 50% of the speakers are males and 50% are 
females. Age of the speakers is between 18 and 32 years old. 
Every speaker was asked to record 50 utterances. Every 
utterance consists of 5 digits sequence randomly selected. 
Speakers with major lisps have been excluded from the 
experiment. Speakers were asked to speak naturally with 
their Egyptian native dialect. To avoid power lines 
interference a laptop was used and unplugged from the 
power lines relying only on the internal batteries. All the 
utterances were digitized with SigmaTel HDA 9228 
integrated sound card in linear PCM format, 16 kHz and 16 
bit. Overall the corpus consists of 2500 utterances. The 
corpus was divided into two sets: 

1) Testing set� (500 utterances): Consists of the data of 

10 speakers that will be used to evaluate the proposed 
the approach. 

2) Monolingual Training set�(2000 utterances): Consists 
of the data of 40 speakers to create monolingual 
acoustic models for ECA (baseline).  

The main phonetics characteristics of ECA phonetics 
compared to MSA are:  
• /t/ and /s/ are used instead of /T/. e.g. /Tala:Tah/ (three) 

in MSA is transformed to /tala:tah/ in ECA. 
• /g/ is used instead of /Z/ and /dZ/. e.g. /Zami:l/ 

(beautiful) in MSA is transformed to /gami:l/ in ECA. 
• /?/ is used instead of /q/. e.g. /qabl/ (before) in MSA is 

transformed to /?abl/ in ECA. 
• The existence of the mid front unrounded long vowel 

/E:/ and short vowel /E/ (they do not exist in MSA). e.g. 
/?iTnayn/ (two) in MSA is transformed to /?itnE:n/ in 
ECA. 

• The existence of the open back unrounded long vowel 
/A:/ and short vowel /A/ (they do not exist in MSA). e.g. 
/?arba?nah/ (four) in MSA is transformed to 
/?ArbA?nAh/ in ECA. 

• The existence of the mid back rounded long vowel /O:/ 
(it does not exist in MSA). e.g. /jawm/ (day) in MSA is 
transformed to /jO:m/ in ECA [15]. 

On the vocabulary level, some words exist only in ECA 
and not in MSA like: /t`ArAbE:zA/ (table) in ECA while it is 

TABLE III 
DIACRITIZED ECA DIGITS REPRESENTED USING SAMPA PHONEMES 

Digit ECA script SAMPA Transcription 

1 ������� w a: X i d 

2 �	
��	 ? i t n i: n 

3 �������� t a l a: t a h 

 � t a l a: t a 

4 �������� ? a r b a ? a h 

 � ? a r b a ? a 

5 ������ x a m s a h 

 � x a m s a 

6 ����� s i t t a h 

 � s i t t a 

7 ������ s a b ? a h 

 � s a b ? a 

8 ���
���� t a m a n j a h 

 � t a m a n j a 

9 ������ t i s ? a h 

 � t i s ? a 

0 ���  s‘ i f r 

 �!�"	#� z i: r u: 

 



 
 

 

/t`awila/ in MSA. The sentence structure in ECA tends to 
VSO while in MSA it tends to SVO. 

The transcription of ECA is difficult because people are so 
influenced by MSA and always write the MSA word instead, 
for example the ECA word /tamanjah/ (eight) is usually 
wrongly transcribed as /tama:njah/ or /Tama:njah/ and keep 
including the long vowel /a:/ as in MSA while it is replaced 
in ECA by the short vowel /a/. [8]. 

In order to build an accurate dictionary for ECA digits, the 
diacritized script for each digit has been written then it was 
mapped to corresponding SAMPA phonemes. In ECA there 
are two pronunciation variants for the digit “0”, one of them 
is the original Arabic pronunciation and the other one is the 
English pronunciation which is used frequently in ECA. 
Sometimes T marbouta is omitted or pronounced as /h/, that 
is why all digits in the dictionary ending by T marbouta have 
two pronunciation variants: one with /h/ and another one 
without /h/. To ensure correctness, the dictionary was 
reviewed by three native Egyptian speakers to avoid any 
error and then it was compared with previous work as in [7]. 
The developed ECA digits dictionary is shown in Table III 
and it was used as the baseline in decoding the ECA corpus 
as illustrated later. 

IV. ECA MONOLINGUAL ACOUSTIC MODELS 

The monolingual acoustic models for ECA have been 
created using the ECA monolingual training set. Several 
context dependent HMM-based acoustic models have been 
created with changing the number of tied-states and number 
of Gaussian densities. The number of tied-states was set from 
100 to 500 and the number of Gaussian densities was set 
from 2 to 32. This monolingual acoustic model has a limited 
number of triphones and hence the total number of states in 
the model is less than 500 states. The number of states per 
HMM was set to 3 and 13 MFFC coefficients with 40 Mel 
frequency bands were taken.  

V. EVALUATION AND RESULTS 

A. Decoder Setup 
Speech decoding throughout this experiment is based on 

CMU Sphinx4 engine [11]. The decoder was configured to 
use the MSA acoustic models and the ECA digits dictionary 
that were previously developed. The general decoder settings 
were: absolute beam width of -1, relative beam width of 1E-
60, word insertion probability of 1E-15, language weight of 
8, and silence insertion probability of 0.4. The language 
model is a finite state grammar implemented with JSGF [15]. 

B. Decoding Using MSA Acoustic Models 
For each MSA acoustic model we have decoded all the 

500 utterances of the ECA testing set and calculated the 
word error rate (WER), real time factor (xRT), and the 
memory usage. Results are shown in Table IV, VI, and VIII. 
Memory usage and xRT are proportional to the acoustic 

TABLE IV 
USING MSA ACOUSTIC MODELS, WER % FOR DIFFERENT NUMBER OF 

TIED-STATES(TS) AND GAUSSIAN DENSITIES 

 Gaussian densities 

TS 2 4 8 16 32 

25 2.13% 2.20% 2.53% 2.13% 1.80% 

500 1.20% 2.73% 2.66% 1.93% 0.93% 

1000 1.33% 1.06% 2.20% 2.06% 0.93% 

1500 0.86% 1.00% 1.13% 1.53% 0.86% 

3500 1.06% 0.93% 0.80% 0.80% 1.66% 

5500 1.33% 0.86% 0.66% 2.26% 3.66% 
 

 
TABLE V 

USING ECA ACOUSTIC MODELS, WER % FOR DIFFERENT NUMBER OF 
TIED-STATES(TS) AND GAUSSIAN DENSITIES 

 Gaussian densities 

TS 2 4 8 16 32 

25 0.56% 0.33% 0.22% 0.22% 0.22% 

250 0.78% 0.78% 0.55% 0.44% 0.44% 

500 0.89% 1.11% 0.67% 0.89% 3.11% 

1000 0.89% 1.11% 0.67% 0.89% 3.11% 
 

TABLE VI 
USING MSA ACOUSTIC MODELS, MEMORY USAGE IN MEGABYTES FOR 

DIFFERENT NUMBER OF TIED-STATES(TS) AND GAUSSIAN DENSITIES 

 Gaussian densities 

TS 2 4 8 16 32 

25 30.7 31.5 32.6 34.1 38.6 

500 31.2 32.6 34.1 37.1 44.9 

1000 36.9 38.6 41.9 48.1 60.9 

1500 37.9 40.4 45.4 53.9 72.3 

3500 41.4 46.5 57.1 77.2 118.4 

5500 44.1 52.4 68.6 100.9 164.4 
 

 
TABLE VII 

USING ECA ACOUSTIC MODELS, MEMORY USAGE IN MEGABYTES FOR 
DIFFERENT NUMBER OF TIED-STATES(TS) AND GAUSSIAN DENSITIES 

 Gaussian densities 

TS 2 4 8 16 32 

25 16.3 16.2 16.0 17.9 18.8 

250 15.7 16.0 17.0 18.7 21.9 

500 15.7 16.2 16.8 19.4 24.1 

1000 15.7 16.2 16.8 19.4 24.1 
 



 
 

 

model complexity. WER and Memory usage was found to be 
dependent on both the number of tied-states and the number 
of Gaussian densities while xRT was found to be dependent 
only on the number of Gaussian densities and independent 
on the number of tied-states. Number of tied-states was 
found to affect only acoustic model loading time but does 
not seem to affect decoding speed. Since xRT depends also 
on the hardware processing power, the results in Table VIII 
can vary across different hardware and software 
configurations. 

The best accuracy was found to be with 5500 tied-states 
and 8 Gaussian densities and the WER was 0.66% with 
average memory usage per utterance of 68.63MB and xRT 
of 0.05. The best memory usage was found to be 30.77 MB 
and corresponds to a WER of 2.13%, 250 tied-states, and 2 
Gaussian densities. After 5500 tied-states and 16 Gaussian 
densities the accuracy was found to start decreasing because 
of the insufficiency of training data to train all HMM states. 

C. Decoding Using Monolingual ECA Acoustic Models  
We have repeated all the steps in the previous section but 

with using monolingual ECA acoustic models. The results 
are shown in Table V, VII, and IX. The best accuracy was 
found to be with 100 tied-states and 8 Gaussian densities and 
the WER was 0.22% with average memory usage per 

utterance of 16.0 MB and xRT of 0.013. The WER was 
found to increase by increasing the number of tied-states and 
this is normal because the training data in this time contains 
a limited number of triphones compared to MSA acoustic 
models. 

D. Interpretation 
The recognition accuracy of using MSA acoustic models 

is 99.34% and it is very close to the accuracy of using 
monolingual ECA acoustic models (delta in accuracy is 
~0.44%). The accuracy of MSA as a multilingual model are 
very satisfactory compared to the monolingual approach and 
even when compared to previous experiments as in [7], [17]. 
Even the lowest complex MSA acoustic model (250 tied-
states and 2 Gaussian densities) was found to give acceptable 
recognition rate. Hence acoustic models trained with 
sufficient data of MSA speech of high number of speakers 
can be used as a multilingual speaker independent acoustic 
models that support ECA. 

This high recognition accuracy of using MSA in 
multilingual acoustic modeling implies that MSA and ECA 
should not be considered as two totally different languages. 
Furthermore, high percentage of the acoustic properties of 
Arabic dialects is close to MSA, and using MSA for dialectal 
Arabic acoustic modeling presents a promising direction. 

VI. CONCLUSIONS AND FUTURE WORK 

In this paper we have demonstrated that acoustic models 
trained with sufficient data of MSA can be used effectively 
as speaker independent models to decode ECA. So they can 
be used as multilingual or multi-accent models for both MSA 
and ECA. The results with this approach were very 
satisfactory and we were able to reach an accuracy of 
99.34%.  

Since the proposed approach showed promising results, 
for future work we will invest more in collecting wider 
domain speech data sets to evaluate the consistency of the 
proposed approach in different speech domains. 
Furthermore, we will also try to evaluate our approach with 
other Arabic dialects other than Egyptian. Investigation of 
whether there is any consistent confusion on the phonemes 
level. We will also work on improving the accuracy by 
applying acoustic model adaptation techniques like MLLR, 
MAP, and VTLN in order to minimize recognition errors 
with other Arabic dialects. Since preparing wider speech 
domains corpora will require more efforts in transcription, 
we will work on developing our own automatic diacritization 
system for Arabic (automatic diacritization systems are 
usually based on statistical language models that require 
huge text corpora for training) and hence grapheme-to-
phoneme conversion will be almost one-to-one mapping 
which can drastically reduce the time required for 
transcription. 

TABLE VIII 
USING MSA ACOUSTIC MODELS, XRT(REAL TIME FACTOR) FOR 

DIFFERENT NUMBER OF TIED-STATES(TS) AND GAUSSIAN DENSITIES ON 
INTEL T5270 1.4 GHZ AND 1024 MB RAM ON MICROSOFT WINDOWS 

VISTA OS. 

 Gaussian densities 

TS 2 4 8 16 32 

25 0.03 0.04 0.05 0.06 0.09 

500 0.03 0.04 0.05 0.06 0.09 

1000 0.03 0.04 0.05 0.06 0.09 

1500 0.03 0.04 0.05 0.06 0.09 

3500 0.03 0.04 0.05 0.06 0.09 

5500 0.03 0.04 0.05 0.06 0.09 
 

 
TABLE IX 

USING ECA ACOUSTIC MODELS, XRT(REAL TIME FACTOR) FOR 
DIFFERENT NUMBER OF TIED-STATES(TS) AND GAUSSIAN DENSITIES, 

SAME H/W AND S/W CONFIGURATIONS AS IN TABLE VIII. 

 Gaussian densities 

TS 2 4 8 16 32 

25 0.010 0.012 0.013 0.017 0.025 

250 0.010 0.012 0.013 0.017 0.025 

500 0.010 0.012 0.013 0.017 0.025 

1000 0.010 0.012 0.013 0.017 0.025 
 

 



 
 

 

REFERENCES 
[1] C. Fgen, S. Stker, H. Soltau, F. Metze, and T. Schultz, “Efficient 

Handling of Multilingual Language Models,” Proceedings of 
Workshop Automatic Speech Recognition Understanding (ASRU-
2003), St. Thomas, Virgin Islands, pp. 441-446, 2003. 

[2] Dimitra Vergyri and Katrin Kirchhoff, “Automatic diacritization of 
Arabic for acoustic modeling in speech recognition,” COLING 2004 
Computational Approaches to Arabic Script-based Languages, 
Geneva, Switzerland, pp. 66-73, 2004. 

[3] Katrin Kirchhoff and Dimitra Vergyri, “Cross-dialectal Data Sharing 
for Acoustic Modeling in Arabic Speech Recognition,” Speech 
Communication, 46(1), pp. 37-51, 2005. 

[4] Katrin Kirchoff, Jeff Bilmes, Sourin Das, Nicolae Duta, Melissa 
Egan, Gang Ji, Feng He, John Henderson, Daben Liu, Mohamed 
Noamany, Pat Schone, Richard Schwarta, and Dimitra Vergyri, 
“Novel approaches to Arabic speech recognition: report from the 2002 
Johns-Hopkins summer workshop,” Johns Hopkins University, 
Technical report, 2002. 

[5] Lamere, P., Kwok, P., Gouvea, E., Raj, B., Singh, R., Walker, W., 
Warmuth, M., Wolf, “The CMU SPHINX-4 speech recognition 
system,” 46(1), pp. 37-51. Proceedings of the IEEE International 
Conference on Acoustics, Speech, and Signal Processing ICASSP, 
2003. 

[6] Maegaard, B., L. Damsgaard Jorgensen, S. Krauwer, and K. Choukri, 
“NEMLAR: Arabic Language Resources and Tools,” Proceedings of 
Arabic Language Resources and Tools Conference, Cairo, Egypt, pp. 
42-54, 2004. 

[7] Mohamed Mostafa Azim, Hesham Tolba, Sherif Mahdy, and Mervat 
Fashal, “Syllable-Based Automatic Arabic Speech Recognition,” 
Proceedings of the 7th WSEAS International Conference on Signal 
Processing, Robotics and Automation (ISPRA’08), University of 
Cambridge, UK, pp. 246-250, 2008. 

[8] Mohamed Elmahdy, Rainer Gruhn, Wolfgang Minker, and Slim 
Abdennadher, “Survey on common Arabic language forms from 
speech recognition point of view,” Proceedings of the International 
Conference on Acoustics (NAG-DAGA), Rotterdam, Netherlands, pp. 
63-66, 2009. 

[9] Nemlar project. http://www.nemlar.org/. 
[10] Pascale Fung and Tanja Schultz, “Multilingual Spoken Language 

Processing,” IEEE Speech Processing Magazine, pp. 89-97, 2008. 
[11] P. Lamere, P. Kwok, W. Walker, E. Gouvea, R. Singh, B. Raj, and P. 

Wolf, “Design of the CMU Sphinx-4 decoder,” Proceedings of the 8th 
European Conference on Speech Communication and Technology, 
Geneve, Switzerland, pp. 1181-1184, 2003. 

[12] Rainer Gruhn and Satoshi Nakamura, “Mutilingual Speech 
Recognition with the CALLHOME Corpus,” Acoustical Society of 
Japan (ASJ2001), Japan, vol. 1, pp. 153-154, 2001. 

[13] Ramzi A. Haraty and Omar El Ariss, “CASRA+: A Colloquial Arabic 
Speech Recognition Application,” American Journal of Applied 
Sciences, 4(1), pp. 23-32, 2007. 

[14] SAMPA, Speech Assessment Methods Phonetic Alphabet. 
http://www.phon.ucl.ac.uk/home/sampa/. 

[15] Sun Microsystems. 1998. Java Speech Grammar Format 
Specification. http://java.sun.com/. 

[16] Tanja Schultz and Alex Waibel, “Language Independent and 
Language Adaptive Acoustic Modeling for Speech Recognition,” 
Speech Communication, vol. 35, pp. 31-51, 2001. 

[17] Yousef Ajami Alotaibi, “Investigating Spoken Arabic Digits in 
Speech Recognition Settings,” International Journal of Information 
Sciences-Informatics and Computer Science, 173(1-3), pp.115-139, 
2005. 

 
 


