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Abstract - Automatic recognition of spoken digits is one of
the difficult tasks in the field of computer speech
recognition. Spoken digits recognition process is required
in many applications such as speech based telephone
dialing, airline reservation, automatic directory to retrieve
or send information, etc. These applications take numbers
and alphabets as input. Arabic language is a Semitic
language that differs from European languages such as
English. One of these differences is how to pronounce the
ten digits, zero through nine. In this research, spoken
Arabic digits are investigated from the speech recognition
problem point of view. The system is designed to recognize
an isolated whole-word speech. The Hidden Markov Model
Toolkit (HTK) is used to implement the isolated word
recognizer with phoneme based HMM models. In the
training and testing phase of this system, isolated digits
data sets are taken from the telephony Arabic speech
corpus, SAAVB. This standard corpus was developed by
KACST and it is classified as a noisy speech database. A
hidden Markov model based speech recognition system was
designed and tested with automatic Arabic digits
recognition. This recognition system achieved 93.72%
overall correct rate of digit recognition.

Keywords: Arabic, digits, SAAVB, HMM, Recognition,
Telephony corpus.

1 Introduction
1.1 ArabicLanguage

Arabic is a Semitic language, and it is one ofdltest
languages in the world. Currently it is the sectamjuage
in terms of number of speakers [1]. Arabic is thestf
language in the Arab world, i.e., Saudi Arabia,daor,
Oman, Yemen, Egypt, Syria, Lebanon, etc. Arabibalets
are used in several languages, such as PersiatJmhd
Standard Arabic has basically 34 phonemes, of wkigh

are vowels, and 28 are consonants [2]. A phonentbes

smallest element of speech units that indicatesfaerehce
in meaning, word, or sentence. Arabic languagefaagr
vowels than English language. It has three long thnele
short vowels, while American English has
vowels [3].

Arabic phonemes contain two distinctive classeschiare
named pharyngeal and emphatic phonemes. These two
classes can be found only in Semitic languagesHi&lsrew
[2], [4]. Arabic digits zero to nine &fr, wa-hed, ‘aath-rayn,
tha-k-thah, ‘aar-ba-‘adh, kham-sahst¢ah, sdb-‘adh, tha-
ma-né-yeh, and &s-ah) are polysyllabic words except the
first one, zero, which is a monosyllable word [d]he
allowed syllables in Arabic language are: CV, C\d&bd
CVCC where V indicates a (long or short) vowel wh@®
indicates a consonant. Arabic utterances can daly with

a consonant [2]. Table 1 shows the ten Arabic sliglbng
with the way of how to pronounce them in Modernn8erd
Arabic (MSA), number and types of syllables in egver
spoken digit.

Table 1: Arabic Digits

Digit Arabic Writing Pronunciation Syllables
1 1l wa-hd CvC\VC
2 il ‘adth-ra-yn CVC-CVCC
3 Ak tha-k-thah CV-CV-C\C
4 day ‘adr-ba-'adh CVC-CV-CVC
5 duad kham-sah CVC-CvVC
6 A t-tak CVC-CVC
7 dagw sb-agh CVC-CVC
8 A th&mi-né-yeh CV-CV-CV-CVC
9 daui tés-ah CVC-CVC
0 fa s CVvCC

twelve

1.2 Spoken Alphadigits Recognition

In general, spoken alphabets and digits for differ
languages were targeted by automatic speech ramogni
researchers. A speaker-independent spoken Endgishtzet
recognition system was designed by Cole et{5l. That
system was trained on one token of each letter fi@M
speakers. Performance was 95% when tested on aetef
30 speakers, but it was increased to 96% whendtestea
second token of each letter from the original 12€a&ers.

Other efforts for spoken English alphabets recaogmitvas
conducted by Loizou et al6]. In their system a high
performance spoken English recognizer was impleatent
using context-dependent phoneme hidden Morkov nsodel
(HMM). That system incorporated approaches to tathé
problems associated the confusions occurring betviee
stop consonants in the E-set and the confusiongeleet the
nasal sounds. That recognizer achieved 55% accuracy



nasal discrimination, 97.3% accuracy in speakempart of it was recorded in normal life conditiong bising
independent alphabet recognition, 95% accuracpéaleer- mobile and other telephone lines [15]. The systerased
independent E-set recognition, and 91.7% accunac30D on HMMs and with the aid of HTK tools.

last names recognition.

Karnjanadecha et al. [7] designed a high performmanc )

isolated English alphabet recognition system. Trestb 2 EXperimental Framework
accuracy achieved by their system for speaker ienidgnt .

alphabet recogniton was 97.9%. Regarding digit#-1 System Overview

recognitions, Cosi et al. [8] designed and testedigh A complete ASR system based on HMM was
performance telephone bandwidth speaker—independe(g'gvebped to carry out the goals of this reseafihis
continuous digit recognizer. That system was based gysiem was divided into three modules accordinghedr
artificial neural network and it gave a 99.92% wordiie The first module is training module, whosediion is
recognition accuracy and 92.62% sentence recognitiqy create the knowledge about the speech and lgegoabe
accuracy. used in the system. The second subsystem is the HMM

Arabic language had limited number of research reffo models bank, whose function is to store and orgatfie
Compared to other |anguages such as Eng“sh arahéw system knOWIedge gained by the first module. Fmatiule
A few researches have been conducted on the Arabfthe recognition module, whose function is trtedigure
alphadigits recognition. In 1985, Hagos [9] and Altlmh Out the meaning of the input speech given in tretirtg
[10] Separate|y reported Arabic d|g|t recognizehsmgos phasg. This is done with the aid of the HMM models
designed a speaker-independent Arabic digits rézegn mentioned above.

that used template matching for input utterancés skistem

is based on the LPC parameters for feature extractnd As illustrated in Table 2, the parameters of theteay were
log likelihood ratio for similarity measurementsbdullah  8KHz sampling rate with a 16 bit sample resoluti@s,
developed another Arabic digits recognizer that dusemillisecond Hamming window duration with a stepesaf
positive-slope and zero-crossing duration as thatufe 10 milliseconds, MFCC coefficients with 22 as taedth of
extraction algorithm. He reported 97% accuracy.rBmth cepstral leftering and 26 filter bank channels dfioli 12
systems mentioned above are isolated-word recognine WeEre as the number of MFCC coefficients, and ofclwhi
which template matching was used. Al-Otaibi [11]0.97 were as the pre-emphasis coefficients.

developed an automatic Arabic vowel recognitiontesys

Isolated Arabic vowels and isolated Arabic word Table 2: System parameters

recognition systems were implemented. He studiesl th Paramoter Value
syllabic nature of the Arabic language in termssyfable . .
types, syllable structures, and primary stresssrule Sampling rate BKHz, 16 bits
Database Isolated 10 Arabic digits

1.3 Hidden Markov Modelsand Used Tools Speakers 1033 male and female

Automatic Speech Recognition (ASR) systems based|<2ndition of Noise Normal life
on the HMM started to gain popularity in the mid8D% Accent Saudi (from different regions)
[6]. HMM is a well-known and widely used statistica |Preemphased 1-0.97z*
method for characterizing the spectral featurespdech Window type Hamming, 25 mseconds
frame. The underlying assumption of the HMM s ttz Window step size 10 mseconds
speech signal can be well characterized as a patame [saAVB Parts SAAVB-01, -02, -03

random access, and the parameters of the stoclpagtiess
can be predicted in a precise, and well-definedrmaanThe

Phoneme based models are good at capturin honetic
HMM method provides a natural and highly reliablaywof Ny P gp

. hf » ¢ licati details. Also context-dependent phoneme models bmn
regognlzmg speech for a wide range of applicatifirs, used to characterize formant transition informatiwhich is
[13]. very important to discriminate between digits tikah be

The Hidden Markov Model Toolkit (HTK) [14] is a pable ~ confused. The Hidden Markov Model Toolkit (HTK)used
toolkit for building and manipulating HMM modelst is  for designing and testing the speech recognitiostesys
mainly used for designing, testing, and implementhSR  throughout all experiments. The baseline system was
systems and related research tasks. This reseaf6itially designed as a phoneme level recognizeh three
concentrated on analysis and investigation of thabis  active states, one Gaussian mixture per statejncmuts,
digits from an ASR perspective. The aim is to desig left-to-right, and no skip HMM models. The systenaswv
recognition system by using the Saudi Accented irabdesigned by considering all thirty-four Modern Stard
Voice Bank (SAAVB) corpus provided by King Abdulazi Arabic (MSA) monophones as given by the KACST
City for Science and Technology (KACST). SAAVB is labeling scheme given in [16]. This scheme was used

considered as a noisy speech database becaus®fbst order to standardize the phoneme symbols in trearekes
regarding classical and MSA language and all of its



variations and dialects. In that scheme, labelyrgi®ls are
able to cover all the Quranic sounds and its phamioal
variations. The silence (sil) model is also incldda the
model set. In a later step, the short pause (sg)coreated
from and tied to the silence model. Since moshefdigits
are consisted of more than two phonemes,
dependent triphone models were created from
monophone models mentioned above. Before this,

where our database is considered as noisy corpusnifial
audio files analysis showed that Signal to NoisdidRa
(SNR) is ranging from 6dB (with noisy environmert)
34dB (with relatively less noisy environment). Tégstem
failed in recognizing 275 (243 were missed plusvai#e

contextleleted) digits out of 3,870 recorded digits aswshan
theable 3. Digits 1, 2, 3, and 8 have gotten reasgniaigh
treorrect rate of recognition; on the other hand, wwst

monophone models were initialized and trained bg thperformance was encountered with digits O where the

training data explained above. This was done byentioan
one iteration and repeated again for triphones tsode
decision tree method is used to align and tie thmeh
before the last step of training phase. The lagb &t the
training phase is to re-estimate HMM parametersigisi
Baum-Welch algorithm [12] three times.

2.2 Database

The SAAVB corpus [15] was created by KACST and

it contains a database of speech waves and thdir Jzero] one]two three] four ] five | six Jsevereight] nine[ Del [ Acc. (%)[ Tokens | Missed
transcriptions of 1033 speakers covering all thgiores in  |ze323| 0 |11 25| 3 | 2|11 6] 3| 6] 8 | 8282 ] 3% 67
H H : foti [P : H oneff 2 |38 0|51 |1]1]1[O0ofoOo] 4] 9719 392 11
Saudi Arabia with statistical distribution of_reglogge, v S B s B B e B B B B B >
gender and telephones. The SAAVB was designed tebe frned 3 1 [0 (38 2 1] 2| 2| 1| 2| 1] %92 | 3% o
in terms of its speech sound content and speakersity [fouf 4 | 1| 3[9386]0[0]9[1]1]3] 92| 44 | 28
within Saudi Arabia. It was designed to train aresbtt 1“; I IR R B B
automatic speech recognition engines and to be irsed faei 4 o [ 18| 1|20 s 2]0]3 w2 | % 5
speaker, gender, accent, and language identificatideght] 1 [ o] 1[7]oJo]2]ofssi[of6] 969% [ 362 1
systems. The database has more than 300,000 electro ”I'”e 3?4 313 1‘7‘3 133;9 213 112 123 328 216 35‘;5 1] 9103 | 379 | 34
. . . . NS
files. Some of those files contained in SAAVB a@ %7 — AR RETTE TR

PCM files of recorded speech via telephone, 60,8&
files of the original text, 60,947 text files ofethspeech
transcription, and 1033 text files about the spesak&he
mentioned files have been verified by IBM Egypt ahis
completely owned by KACST.

The used parts of SAAVB corpus in this researchtlaose

parts that contain digits only. Depending on SAAVB

datasheet [15] parts that contain Arabic digitsSAAVB-1

(one-digit per recording selected randomly from tee
Arabic digits), SAAVB-2 (ten-digit number per recdimg),
SAAVB-3 (five-digit number per recording). Theserdh
parts contain more than 15,480 recorded digitss@&hbree
subsets are those parts dealing with uttering tisdlArabic
digits. We partitioned these parts of corpus (dégits part)
into two disjoint sets, the first one for the tiaip which
constitutes 75% of digits parts (i.e., SAAVB-1, S¥B-2,

and SAAVB-3) and contain more than 11,600 recordeg

digits. On the other hand, the second one is f&iimg phase
which contains 25% and contains more than 3,856rdecl
digits.

3 Reaults

Table 3 shows the correct rate of the system ifgitsd
individually in addition to the system overall cect rate.
Depending on testing database set, the system tnyuth
recognize 3,870 samples for all 10 digits. The aler
system performance was 93.72%, which is reasoragly

performance was equal to only 82.82% where theesyst
failed in recognizing 75 (67 were missed plus 8 ewer
deleted) digits out 398 tokens were miss-recognized
depending on figures given Table 3. Even though the
database size is medium (only the ten spoken Awdilgits)

and with the existence of noise, the system showamed
unexpected high performance due to the variabitithow

to pronounce Arabic digits.

Table 3: Confusion matrix

Table 4: Digits that were picked in case of missgmnition

for all digits
Digit Mostly Confused with
0 2,3,6,7,9
1 3
2 3
3 0
4 3,7
5 6
6 0,39
7 3
8 3
9 0,36

From Tables 3 and 4, it can be seen that digit@Bdked in
ase of missing the correct digit for most of digiThis
happened in analyzing errors of digits 0, 1, 26,4, 8, and
9. We think that this is due to the similarity o&ny parts of
digit 3 to noise such as phonent¢ which exist twice in
that digit. Also we can notice that digit 3 got ook the
highest correct rate among Arabic digits. The itigasion
of errors of the recognition system is one of tbkesluled
tasks in this project, and we are going to do ithia near
future. All digits appeared in the test data subsdtast 345
times for all speakers, genders, ages, and regioSaudi
Arabia. These results are initial and the rese&r@oing to
continue to analyze all subsets of the corpus enleigel and
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