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ABSTRACT

In this research, spoken Arabic digits are
investigated from the speech recognition problermtpo
of view. The system is designed to recognize alated
whole-word speech. In the training and testing phafs
this system, isolated digits data sets are takem fthe
telephony Arabic speech corpus, SAAVB. This staddar
corpus was developed by KACST and it is classifisch
noisy speech database collected via fixed and eobil
telephones. SAAVB consist of many subsets covealhg
digits, alphabets, read scripts, spontaneous spegch
SAAVB subsets that deal with Arabic digits are
SAAVBO01, SAAVBO02, and SAAVBO03. Four different

when tested on a second token of each letter fiwn t
original 120 speakers.

Other efforts for spoken English alphabets recaogmit
was conducted by Loizou et al.[6]. In their systethigh
performance  spoken  English  recognizer was
implemented using context-dependent phoneme hidden
Morkov models (HMM). That system incorporated
approaches to tackle the problems associated Wwéh t
confusions occurring between the stop consonantisein
E-set and the confusions between the nasal solihds.
recognizer achieved 55% accuracy in nasal
discrimination, 97.3% accuracy in speaker-independe
alphabet recognition, 95% accuracy in speaker-

experiments are conducted on these subsets, three o independent E-set recognition, and 91.7% accuracy i

each individual set, and the fourth one conductad o
these three subsets collectively. The recognitigsiesn
achieved 93.67% overall correct rate of digit regtgn

by using all subsets collectively.

1. INTRODUCTION

1.1. Arabic Language

Arabic is a Semitic language, and it is one of ¢laest
languages in the world. Currently it is the second
language in terms of number of speakers [1]. Stahda
Arabic has basically 34 phonemes, of which six are
vowels, and 28 are consonants [2]. Arabic languzage
fewer vowels than English language. It has three lo
and three short vowels, while American English has
twelve vowels [3]. Arabic phonemes contain two

distinctive classes, which are named pharyngeal and recognizers.

300 last names recognition.

Karnjanadecha et al. [7] designed a high performanc
isolated English alphabet recognition system. Thst b
accuracy achieved by their system for speaker
independent alphabet recognition was 97.9%. Reggrdi
digits recognitions, Cosi et al. [8] designed aested a
high performance telephone bandwidth speaker-
independent continuous digit recognizer. The sysias
based on artificial neural network and it gave @2%
word recognition accuracy and 92.62% sentence
recognition accuracy.

Arabic language had limited number of research
efforts compared to other languages such as Enaiish
Japanese. A few researches have been conductéa on t
Arabic alphadigits recognition. In 1985, Hagos §8id
Abdullah [10] separately reported Arabic digit
Hagos designed a speaker-independent

emphatic phonemes. These two classes can be foundArabic digits recognizer that used template maigHor

only in Semitic languages like Hebrew [2], [4]. The
allowed syllables in Arabic language are: CV, C\4@d
CVCC where V indicates a (long or short) vowel whil
indicates a consonant. Arabic utterances can aalst s
with a consonant [2].
1.2. Spoken Alphadigits Recognition

In general, spoken alphabets and digits for differe
languages were targeted by automatic speech rdmygni

input utterances. His system is based on the LPC
parameters for feature extraction and log likelihoatio

for similarity measurements. Abdullah developed
another Arabic digits recognizer that used positipe

and zero-crossing duration as the feature extmactio
algorithm. He reported 97% accuracy rate. Bothesyst
mentioned above are isolated-word recognizers iiclwh
template matching was used. Al-Otaibi [11] devetbpe

researchers. A speaker-independent spoken Englishan automatic Arabic vowel recognition system. lsmda

alphabet recognition system was designed by Cotg. et
[5]. That system was trained on one token of eatter

Arabic vowels and isolated Arabic word recognition
systems were implemented. He studied the syllabic

from 120 speakers. Performance was 95% when testednature of the Arabic language in terms of syllatylees,

on a new set of 30 speakers, but it was increas86%

syllable structures, and primary stress rules.



1.3. Hidden Markov Models and Used Tools

The HMM method provides a natural and highly
reliable way of recognizing speech for a wide ranfe
applications [12], [13]. The Hidden Markov Model
Toolkit (HTK) [14] is a portable toolkit for buildig and
manipulating HMM models. It is mainly used for
designing, testing, and implementing Automatic $pee
Recognition (ASR) systems and related researchs.task
This research concentrated on analyses and inaéetig
of the Arabic digits from an ASR perspective. Tia &
to design a recognition system by using the Saudi
Accented Arabic Voice Bank (SAAVB) corpus provided
by King Abdulaziz City for Science and Technology
(KACST). SAAVB is considered as a noisy speech
database because most of the part of it was redadrde
normal life conditions by using mobile and other
telephone lines [15]. The system is based on HMM$ a
with the aid of HTK tools.

2. EXPERIMENTAL FRAMEWORK

2.1. System Overview

A complete ASR system based on HMM was
developed to carry out the goals of this reseafdte
system is done with the aid of the HMM models
mentioned above.
8KHz sampling rate with a 16 bit sample resoluti®g,
millisecond Hamming window duration with a stepesiz
of 10 milliseconds, MFCC coefficients with 22 asth
length of cepstral leftering and 26 filter bank shels of
which 12 were as the number of MFCC coefficientsl a
of which 0.97 were as the pre-emphasis coefficients

Phoneme based models are good at capturing phonetic
details. Also, context-dependent phoneme modeldean
used to characterize formant transition information
which is very important for to discriminate between
digits that can be confused. The HTK is used for
designing and testing the speech recognition system
throughout all experiments. The baseline system was
initially designed as a phoneme level recognizethwi
three active states, one Gaussian mixture per,state
continuous, left-to-right, and no skip HMM modeThe
system was designed by considering all thirty-four
Modern Standard Arabic (MSA) monophones as given
by the KACST labeling scheme given in [16]. This
scheme was used in order to standardize the phoneme
symbols in the researches regarding classical aSé M
language and all of its variations and dialects.tHat
scheme, labeling symbols are able to cover all the
Quranic sounds and its phonological variations. The
silence (sil) model is also included in the modsl ¢ a
later step, the short pause (sp) was created frahtiad

to the silence model. Since most of the digits are
consisted of more than two phonemes, context-depend
triphone models were created from the monophone
models mentioned above. Before this, the monophone
models were initialized and trained by the traindega

The parameters of the system wereexplained above. This was done by more than one

iteration and repeated again for triphones modals.
decision tree method is used to align and tie tloeleh
before the last step of training phase. The lag Bt the
training phase is to re-estimate HMM parametersgisi
Baum-Welch algorithm [12] three times.

Table 1. System confusion matrix for SAAVB01

zero| one | two |three| four | five | six [severjeight| nine| Del | Acc. (%) | Tokens Missed
zero|[ 9 0 3 5 0 2 2 0 0 0 0 42.86 21 12
one| 0 | 24 0 0 0 0 0 0 0 0 0 100 24 0
two (0] (0] 21 1 (0] (0] 1 (0] (0] (0] (0] 91.3 23 2
threg O (o) (0] 21 (0] 1 1 (0] [0} (0] (0] 91.3 23 2
four 1 o) (0] o) 23 (0] o) 1 o) (0] (0] 92 25 2
five (0] (0] (0] 1 (0] 24 (0] (0] (0] (0] (0] 96 25 1
SiX 3 1 (0] 1 (0] 1 19 (0] [0} (0] (0] 76 25 6
sever]| O 0 0 0 1 0 0 | 23 0 0 0 95.83 24 1
eight|| 1 (0] (0] 2 (0] (0] (0] (0] 21 (0] (0] 87.5 24 3
nine (0] 1 1 1 (0] 1 (o) 1 (o) 19 (0] 79.17 24 5
Ins 81 8 40 | 175 | 20 12 39 18 3 19
Total (0] 85.71 238 34
Table 2. System confusion matrix for SAAVB02
zero| one | two |three| four | five | six [severjeight| nine| Del | Acc. (%) | Tokens Missed
zerofl 175 0} 19 13 1 5 7 8 1 11 2 72.92 240 65
oneff 1 |232] O 2 1 1 1 1 (] [0) 3 97.07 239 7
two 3 1 [259] 3 0 0 (] [0) (] 1 0 97 267 8
three| 3 [0} (0] 236 (0] 1 1 (0] 1 (0] 1 97.52 242 6
four 2 1 (0] [0} 255 (0] [0} 4 [0} (0] 4 97.33 262 7
five 1 1 (0] 2 (0] 220 4 (0] [0} (0] 2 96.49 228 8
Six 2 3 1 8 (0] (0] 223 1 1 2 3 92.53 241 18
sewver|| 2 (0] 1 11 1 (0] (0] 240 1 1 (0] 93.39 257 17
eightf] 1 (0] 1 2 (0] (0] 1 (0] 236 (0] 1 97.93 241 5
nine 4 [0} 2 3 (0] 1 3 4 [0} 220 (0] 92.83 237 17
Ins ||348] 19 | 78 | 580| 13 | 19 | 55 | 26 6 41
Total 16 93.6 2470 158




Table 3. System confusion matrix for SAAVBO03

zero| one | two |three| four | five | six |severjeight| nine| Del | Acc. (%) | Tokens Missed
zero|| 112 [§] 2 4 1 [0) 6 3 0 2 5 86.15 130 18
one 2 123 1 2 [0) [0) 0 [0) 0 0] 2 96.09 128 5
two 2 (0] 103 1 (6] (6] (0] 1 1 1 (6] 94.5 109 6
three]] 1 1 1 118 1 (0] 0 1 0 2 (0] 94.4 125 7
fourfl 3 0 1 3 117 O 0 1 0 1 0 92.86 126 9
five 1 (0] (6] 1 1 84 (0] 1 (0] 1 1 94.38 89 5
Six 3 0 3 3 [0) [0) 107| O 1 2 0 89.92 119 12
sever]|] O (0] 1 2 [¢] 1 (0] 101 (0] 1 1 95.28 106 5
eight] O (o] 2 2 1 0 1 [0) 94 1 1 93.07 101 7
nine 1 (0] 2 3 1 1 3 1 1 105 1 88.98 118 13
Ins 49 8 38 173 2 5 15 12 3 11
Total 11 92.51 1162 87
Table 4. Confusion matrix for all
zero| one | two |three| four | five | six [severjeight| nine| Del | Acc. (%) | Tokens Missed
zero| 323 O 11 25 3 2 11 6 3 6 8 82.82 390 67
one 2 381 (] 5 1 1 1 1 (] 0 4 97.19 392 11
two 4 1 386| 4 0 0 0 1 0 2 1 96.98 398 12
thregl 3 1 0O | 378 2 1 1 1 1 2 1 96.92 390 12
four|| 4 1 3 9 386 0 (] 9 1 1 3 93.24 414 28
five 2 1 1 2 2 326| 4 3 0 2 2 95.04 343 17
Six 7 2 4 9 0 0O |352] O 2 9 3 91.43 385 33
sewver|| 4 0 1 8 1 2 0 367 2 0 3 95.32 385 18
eight] 1 0 1 7 0 0 2 0 351 0 6 96.96 362 11
ninefl 5 1 4 11 1 1 8 2 1 | 345 1 91.03 379 34
Ins || 374 | 33 | 173 |1099| 23 12 | 123 | 38 26 | 55
Total 32 93.72 3870 243
2.2. Database 3. RESULTS

The SAAVB corpus [15] was created by KACST
and it contains a database of speech waves and thei
transcriptions of 1033 speakers covering all trgomes
in Saudi Arabia with statistical distribution of gien,
age, gender and telephones. It was designed tizhénr
terms of its speech sound content and speakersitiver
within Saudi Arabia. It was designed to train aedtt
automatic speech recognition engines and to be msed
speaker, gender, accent, and language identificatio
systems. The database has more than 300,000 electro
files. Those files contained in SAAVB are 51,600NPC
files of recorded speech via telephone, 51,600 fikog
of the original text, 51,600 text files of the spee
transcription, and 1032 text files about the speakehe
mentioned files have been verified by IBM Egypt.eTh
database is completely owned by KACST [15].

The parts of SAAVB corpus in this research are
those parts that contain digits only. Depending on
SAAVB datasheet [15] parts that contain Arabic wigi
are SAAVBO1l (one-digit per recording selected
randomly from the ten Arabic digits), SAAVBO02 (ten-
digit per recording selected randomly from the ten
Arabic digits), SAAVBO03 (five-digit per recording
selected randomly from the ten Arabic digits). TEhes
three parts contain at least 15,480 recorded digiese
three subsets are those parts dealing with uttering
isolated Arabic digits. Every one of these partsthef
SAAVB evenly contains all possible genders, ages,
Saudi regions, and different environmental condgio

SAAVBO01 was partitioned into two subsets, first is
75% for training phase and second, is 25% for rgsti
phase of the speech recognition system. In the seaye
and separately, SAAVB02 and SAAVBO03 were
partitions to two subsets for the same purposendf
combined these three parts (i.e., training andingst
subsets) of the corpus we will get two disjointsséhe
first one for the training which constitutes 75%diits
parts (i.e., SAAVBO01, SAAVB02, and SAAVB03). The
grand sum of training sets contains 11,610 recorded
digits. On the other hand, the grand sum of allings
subsets gives the grand testing subset which contai
3,870 recorded digits.

Our system was trained and tested only by SAAVBO1
to get the confusion matrix given in Table 1, obly
SAAVBO02 to get the confusion matrix given in Talde
only by SAAVBO03 to get the confusion matrix givem i
Table 3, and by all combined parts to get the csinfu
matrix given in Table 4. In each experiment theeysis
trained and tested by the same part of the SAAVB. (e
for Experiment 1 the system was trained by 75% of
SAAVBO01 and tested by 25% of the same item of the
corpus). In all experiments training and testintysais
are disjoint. As can be seen from the numbers gimen
Tables 1, 2, and 3 the correct rates of the sysigm
85.71%, 93.56%, and 92.44% for using SAAVBOL,
SAAVB02, and SAAVBO03, respectively. The worst
correct rate was encountered in case of SAAVBO1 but
the best correct rate was encountered in case of
SAAVBO02. We think this is attributed to the amouwft
the training data because it is very low in case of
SAAVBOL1 (three times the testing data subset wiéch



displayed in Table 1 as 238 tokens only). On thesiot
hand, in case of SAAVBO02 the testing data subset is
2,470 tokens and the training subset in this cagbree
times of this figure.

Table 4 shows the correct rate of the system fogitdi
individually in addition to the system overall cect rate
by using all recorded digits in all three subsefs o
SAAVB. Depending on testing database set, the syste
must try to recognize 3,870 samples for all 10tdigihe
overall system performance was 93.72%, which is

point of view, the best correct rates are encoedtén

the case of digits 1, 2, 3, and 8 while the worstexct

rate is encountered in the case of digit 0. Thesalts

are our initial ones and the work is going to conéd to

cover all aspect of the system including: perforogan
corpus, noise effect, Arabic digits, and the sutiges
regarding this point of research.
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noisy corpus. Our initial audio files analysis skeathat
Signal to Noise Ratio (SNR) is ranging from 6dB tfwi
noisy environment) to 34dB (with relatively lessigyo
environment). The system failed in recognizing ltata
275 digits (243 were substituted and 32 were delete
mistakenly by the system as can be seen from T4ble
out of 3,870 recorded digits. Digits 1, 2, 3, anthéBe
got reasonably high correct rate recognition ratethe
other hand, the worst performance was encounteittd w
digits 0 where the performance is equal to onl\83%
(67+8 out 398 tokens were miss-recognized depending
on figures given Table 4). Even though the datalsa=e

is medium (only the ten spoken Arabic digits) anithw
the existence of noise, the system showed an egtyem
high performance due to the variability in how to
pronounce Arabic digits.

From Table 4, it can be shown that digit 3 is pitke
seriously in case of missing the correct digit fioost of
digits. This happened in analyzing errors of di§itgl, 6,

7, and 9. We think this is due to the similarityroany
parts of digit 3 to noise such as phonefifenhich exist
twice in that digit. Also we can notice that di§ithave
got the highest correct rate among all Arabic digithe
investigation of errors of the recognition systenomne of
the scheduled tasks in this project, and we araggto
do it in the near future. All digits appeared ire ttest
data subset at least 345 times for all speakergjeays,
ages, and regions in Saudi Arabia. These resulis ar
initial and the research is going to continue talgre all
subsets of the corpus, noise level and effecteuifft
parameters of the system such as increasing nuofber
mixtures per state, and the effect of similarityosug the
ten Arabic digits.

4. CONCLUSION

To conclude, a spoken Arabic digits recognizer is
designed to investigate the process of automatidsdi
recognition. This system is based on HMM and bygsi
Saudi accented and noisy corpus called SAAVB. This
system was based on HMM strategy carried out by HTK
tools. The system consists of training module, HMM
modules storage, and recognition module. The SAAVB
corpus supplied by KACST is used in this research.
Arabic language is investigated in this research in
addition to the evaluation of SAAVB corpus. Four
experiments were conducted in this research. Theeatv
system performance is 93.72% in case of using all
available digit parts of SAAVB. By using digit-wise
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