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Abstract—Although Arabic is the world’s second most spoken
language in terms of the number of speakers, Arabic automatic
speech recognition (AASR) did not receive the desired attention
from the research community. In this paper, we introduce
thorough statistical analysis of the Arabic phonemes from a
widely used Arabic corpus that was developed by King Fahd
University of Petroleum and Minerals (KFUPM) with support of
King Abed Al-Aziz City for Science and Technology (KACST).
We study various parameters, such as the number of frames a
phoneme occupies, the phonemes frequency, the mean length in
frames, the standard deviation, the mode, and the median of the
phoneme boundary. In addition, other language-model related
information such as the bigram information is also studied. The
results showed that phonemes can be clustered into groups.
Based on statistical information, one can design the most
suitable HMM for each phoneme in terms of the number of
states and other model parameters.

Keywords—Phoneme; Arabic Speech Recognition; MFCC,
Mode; Median; KACST Arabic speech corpus; HMM; Acoustic
Model.

l. INTRODUCTION

Automatic Speech Recognition is defined as the process of
converting audio waves (speech acoustic signals) to its
corresponding set of words or other linguistic units based on a
specific algorithm [1]. Automatic Speech Recognition (ASR)
plays an important role in IT applications, it appears in many
applications and IT-solutions for industrial and civil areas
such as; Hands free operations, mobile voice application,
human-computer interaction, automatic translation, and many
via-voice systems [2].

In speech recognition, it is easy to recognize isolated
words but, the challenge is to recognize continuous speech.
One of the basic blocks in any speech recognition system is
the acoustic models; these acoustic models need a suitable
representation in order to be recognized later. The state of the
art ASR systems do not depend on the whole words in
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recognition or decoding, because of the huge amount of words
that may exist in the vocabulary, in addition to the need to
have enough training examples of the words. In contrast,
successful ASR systems depend on smaller parts or sub-word
units of the word that are usually defined by phoneticians or
expert linguistics. We will refer to this set of sub-word units as
phones or phonemes, although it could be a mixture of
phonemes, allophones, or any arbitrary sub-words.

Standard ASR contains another basic block that
determines the relationship between words and phonemes; it is
the dictionary which gives all allowable phonemes sequences.

One of the important issues in ASR system is to determine
the boundary of a phoneme and to build a suitable HMM that
reflects its actual length in the utterance.

Sphinx Arabic Speech Recognizer uses 3-state HMM for
each phone regardless of its length and the question is,
whether this number of states is enough for some phonemes or
is it more or less than what we need?

This study provides valuable information for Dbetter
modeling of the phones for speech recognition as well as for
speech synthesis. In HMM modeling, it can be helpful to
determine the number of states for each phoneme. While the
statistical information on the phoneme length can be used to
enhance HMM modeling of phonemes, and for the design of
appropriate neural network architecture for the phonemes.

This paper is organized as follows: Section 2 describes the
problem statement. Then, section 3 gives the details of the
statistical analysis of the Arabic corpus. After that, related
work is presented in Section 4. We, finally, conclude the paper
in Section 5 giving directions to future work.

1. PROBLEM STATEMENT

Most of the research work carried out on continuous
Arabic speech recognition utilizes Hidden Markov Models
(HMM) achieving different rates of recognition accuracy [3,
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10]. Phonemes recognition accuracy is measured by the
percentage of correctly recognized phonemes. The ASR
accuracy using HMMs is affected by several factors, including
the presence of noise; the phoneme set used; the number of
HMM states allocated for each phoneme and the duration of
each phoneme. Improving the performance of current ASR
techniques requires thorough investigation of these factors in
order to determine areas of improvement.

However, no statistical analysis at the phoneme level has
been performed, to our best knowledge, on the currently used
Arabic speech phonemes. Statistical analysis of Arabic
phonemes provides a clear pictorial view of phonemes
behavior and gives the ability to control this behavior by
analyzing the collected statistics.

Knowing the frequency of a phoneme in a suitable Arabic
corpus can be used to replace a misrecognized phoneme in an
utterance by the most probable one. The probability of
occurrence of a phoneme is calculated by [11]:

Frequency of Phoneme
P(Ph. =
(Phoneme) Total Number Of Phonemes (1)

Moreover, knowing the average duration of a phoneme in
terms of the number of frames it occupies can be used to
determine the number and configuration of HMM states that
are most suitable for recognizing it.

Other statistical information like phonemes duration
distributions, mode, median, and standard deviation are
helpful in making the right decision concerning unrecognized
phonemes during the recognition process.

In this paper, we introduce a full statistical analysis of
Arabic phonemes that can be used to improve continuous
ASR accuracy by reducing word error rate (WER). The word
error rate is computed by the following formula [14]:

WER = ———— @)

Where S is the number of substitutions, D is the number of
deletions, | is the number of insertions and C is the number of
corrections.

We carry out this analysis on the Arabic speech corpus
that was developed in Saudi Arabia by King Fahd University
of Petroleum and Minerals (KFUPM) with the support of
King Abdulaziz City for Science and Technology (KACST).
KACST is a governmental scientific organization representing
Saudi Arabian national science agency and its national
laboratories. Details of the corpus and the statistical analysis
are presented in the next section.

Ill.  STATISTICAL ANALYSIS OF KACST CORPUS
Our methodology workflow consists of a sequence of five
phases shown in Fig. 1. They consist of: Corpus Acquisition,

Phoneme Segmentation, Data Processing, Information
Extraction and Statistical Analysis.
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A. Corpus Acquisition

A 5-hour recording of modern Arabic speech from
different TV news clips have been developed and transcribed
at KFUPM. This corpus is considered one of the main
references to modern standard Arabic (MSA) speech
recognition systems.
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Figure 1. Workflow phases used to perform the statistical analysis.

The corpus consists of 16 KHz wav files of 10-20
millisecond utterances, along with their corresponding MFCC
feature files and their transcription. In addition, it contains a
list of Arabic phonemes, an Arabic dictionary and other script
files used for manipulating corpus information. It was used in
the development of a continuous Arabic speech recognition
system by [10].

B. Arabic Phoneme Set

The Arabic phoneme set used in the corpus is shown in
Table 1 (see Appendix). Every phoneme and its corresponding
English symbol are also shown. The table also provides
illustrative examples of the different vowel usages. This
phoneme set is chosen based on the work related to Arabic
Text-to-Speech systems [12, 13]. The phoneme symbols were
chosen in a way that is closely related to similar phoneme
symbols used in the English ASR systems. The regular Arabic
short vowels /AE/, /IH/, and /UH/ correspond to the Arabic
diacritical marks Fatha, Damma, and Kasra, respectively. The
[AA/ is the pharyngealized allophone of /AE/, which appears
after an emphatic letter.

Similarly, the /IX/ and /UX/ are the pharyngealized
allophones of /IH/ and /UH/ respectively. When /AE/ appears
before an emphatic letter, its allophone /AH/ is used instead.
When a short vowel is located between two nasal letters in the
same syllable, it is likely to be nasalized. The allophones
/AN/, [IN/, and /UN/ are the nasalized versions of /AE/, /[IH/
and /UH/, respectively. The regular Arabic long vowel
allophones are /AE:/, /1Y] and /JUW/, respectively.
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The length of a long vowel is normally equal to two short
vowels. The allophones /AY/ and /AWI/ are actually two
vowel sounds in which the articulators move from one post to
another.

These vowels are called Diphthongs. The allophone /AY/
appears when a Fatha comes before an undiacritized Yeh. The
Arabic voiced stop phonemes /B/ and /D/ are similar.
Similarly, /AW/ appears when a Fatha comes before an
undiacritized Waw.

English counter parts /DD/ corresponds to the sound of the
Arabic Dhad letter. The Arabic voiceless stops /T/ and /K/ are
basically similar to their English counter parts.

The sound of the Arabic emphatic letter Qaf is represented
by the phone /Q/. The Hamza plosive sound is represented by
the phone /E/, and the sound of Jeem (in many dialects) is
represented by /G/. The voiceless fricatives are produced with
Voiced Fricatives are generated with simultaneous vibration
of the vocal cords. The Arabic voiced fricative phones are
[Al/, IGH/, /1Z/, and /DH/ corresponding to the sounds of the
Avrabic letters: Ain, Ghain, Zain, and Thal.

The Arabic affricate sound /JH/ is similar to the
corresponding one in English, while /ZH/ is a concatenation of
a voiced stop followed by a fricative sound. The Arabic
resonants are similar to the English resonant phones. These
are /Y/ for Yeh, /W/ for Waw, /L/ for Lam, and /R/ for Reh.

C. Phoneme Segmentation

The corpus is processed by the CMU sphinx speech
recognition engine to produce the phoneme and word
segmentation output files for all utterances, using the trigram
method [15]. Table 2 shows a sample of both files.

Table 2. Word Segmentation (Left), Part of Phoneme Segmentation (Right).

Word Segmentation Phoneme Segmentation
Start End Word Start End Phone Prev Next
Frame Frame Frame Frame Phone Phone
0 12 <s> 0 12 SIL
13 15 <s> 13 15 SIL
16 59 oSy ) 16 21 E SIL IH
60 101 | 22 24 IH E R
102 162 S| 25 27 R IH T
163 206 | & (L;j” 28 30 T R AE
207 262 Uiy ib 31 33 AE T F
263 292 poadl 34 36 F AE AE
293 332 Sodadl 37 39 AE F AI
333 341 </s> 40 44 AT AE AE
342 348 </s> 45 51 AE AI T
52 59 T AE E
60 65 E T L

The MFCC feature files of the corpus and their
corresponding transcriptions are then fed into CMU Sphinx
speech engine in order to carry out the forced alignment
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process necessary to generate the phoneme and word
segmentation for all utterances.

D. Data Processing and Information Extraction

For the purpose of extracting useful information from the
previously generated files, MATLAB was used to compute
the frequency, lengths, mean lengths, standard deviation of
lengths, the distribution of means, the distribution of the
lengths of each phoneme, mode (the most frequent value in a
set of values) of the length for each phoneme and the median
(the midst value in a set of values) of the lengths. Moreover,
we extract the length probability occurrence of every
phoneme. These statistics are displayed in Table 3 (see
Appendix). Table 3 also shows the corresponding English
representation of every Arabic phoneme.

Fig. 2 shows the mean of phonemes lengths distribution
measured in frames, and the frequency of each phoneme in the
whole 5 hour corpus. The distribution of length for each
phoneme was also produced. Fig. 3 shows a sample of 4
phonemes distributions (for the rest of phonemes see Fig 3
(cont) in Appendix).

In order to further analyze the properties of the Arabic
phonemes, useful graphs are depicted in Fig’s 4, 5 and 6. Fig.
4 shows the occurrence probability distribution of the Arabic
phonemes in the corpus. Note that the silent, noise and
inhalation phonemes are not part of speech, even though they
are included them in the graph.

When we sort the extracted data in Table 3 (see Appendix)
based on the means of phonemes length, the graph shown in
Fig. 5 is generated. An interesting result that is evident from
Fig. 5 shows that phonemes with similar means form clusters
in the phoneme set. We postulate that these clusters will
improve phonemes recognition as we will see in the analysis
section.

The median values of the phoneme length show this
clustering more clearly. Classes of the phonemes are being
distinguished from each other and a clear separation between
phoneme classes becomes more evident, as shown in Fig. 6.

Another important graph that can be studied is the one
highlighting the most frequent length of all occurrences of a
certain phoneme, appearing in the corpus. This is called the
mode, and is shown in Fig. 7.

Table 4 (see Appendix) , shows a sample of the bi-gram of
each phoneme. It shows the probability that a phoneme comes
after another specific phoneme. The tri-gram frequency for
each phoneme is also produced, which represent the number
of times that the phoneme occurs between two other
phonemes. Table 5 (see Appendix) shows the trigram
frequency of each phoneme.

The bigram Table 4 (see Appendix) was generated by the
HTK tool, with the probability being calculated according to
Equation 3 below.
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Table 4 (see Appendix) shows the base-10 log of the
probability values computed in Equation 3. A detailed
description of each table and figures will be displayed below

each one with some findings for the ASR literature.
Here, N(i,j) is the number of times word (j) follows word
(i), and N(i) is the number of times word (i) appears. Note that
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Figure 2. (Upper Graph): Arabic Phonemes Mean Length Distribution. (Lower Graph): Arabic Phonemes Frequency Distribution.

A detailed look to Fig 2, the means of the phonemes length
and frequency are visualized. The length of the phoneme is
frame based. Moreover, from Fig 2-upper part, we can know

a phoneme in the corpora files, which would be helpful in
estimating the language model in advance. The language
model plays a significant rule in increasing the recognition

the maximum average length of a phoneme among the corpora  rate and reducing the word error rate.

files while, the lower part of Fig 2 represents the repeations of
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Figure 3. Phoneme length distributions for selected sample of 9 Arabic Phonemes

suitable number of HMM states when modeling the phoneme.
From Fig 3 (see Appendix for all phonemes plots) also, we
can see if there was a sudden jump in the phoneme length or

The distributions of phonemes lengths among the different
utterances are represented by Fig 3 (see Appendix for All
phonemes plots). This result can help in determining the
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not and how much it was? The effect of the noise on the
distribution of the phonemes length also could appear. We
have the distribution of 45 phonemes, but in order not to
overcrowd the reader we sample 4 plots only. All other

Volume 01— Issue 02, November 2012

phonemes plots are in the appendix. The statistical values
extracted from the corpora are listed in Table 3 (see
Appendix).

Arabic Phonemes Occurance Probability Distribution

0.14

Probability
o
o
()}

Arabic Phonemes

Figure 4. Phoneme Probability Distribution over the Population

Fig 4 shows the distribution of phonemes probability
among the different corpora utterances. This will assist in
determining the probability of missing phoneme during the
recognition process. The bigram and trigrams language
models are both depends on the probability distribution of the
phonemes. We have the probability distribution of 45
phonemes but, some of them may not appear on the graph

scale because we try to scale the graph to fit in the available
space as possible and for readability reasons we didn’t transfer
the figures to the appendix.

Fig 5 represents the plot of the mean values of phonemes
lengths. This graph can’t show us clearly the clusters of
phonemes.

Sorted Arabic Phonemes Based On Mean Length

25

Mean Length In Frames

Figure 5. Arabic Phonemes Based On Its Mean Lengths
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Sorted Arabic Phonemes Based On Medians
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Figure 6. Arabic Phonemes Based On Its Median Length.

In Fig 6 we plotted the data based on the median values of
the lengths through the utterances after sorting them. In Fig 7
we plotted the values based on the mode.

Both Fig 6 and Fig 7 gave us a clustering pictorial view of
the phonemes. This two figures are valuable information about
the phonemes behavior regarding the number of frames it take
in order to decide the appropriate number of HMM states in

the future. For example the phoneme /E/ is a cluster by itself.
Referring to some experiments done on Arabic phonemes
recognition we found that the /E/ phoneme cause a recognition
problems and usually misclassified.

Generally, the use of the median clustering results appears in
Fig 6 is much more suitable to determine the number of states
each phoneme take.

Sorted Arabic Phonemes Based On Length Mode
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Figure 7. Arabic Phonemes Based On Its Length Mode.
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For the purpose of high rate recognition of phonemes, the
language model is added to the recognizer. Table 4 (see
Appendix) shows the bigram probability (the probability of a
phoneme to come after another one). Table 5 (see Appendix)
shows another type of statistics which is usually known as
triphones frequency (number of times a phoneme was in the
middle of two other phonemes). It is well known that, when
adding this valuable information (bigram or trigram) to the
recognizer, the words error rate are reduced directly.

Triphone Frequency
700
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o1||I|||||||
e e W X I
moxX Ao Db o
&

g O A m N >H O Dm HmmMA ez |
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Arabic Phonemes

Moo
& -
=

Figure 8. Arabic Phonemes Triphones Frequency

Another important probability is that reflecting the
probability that a phoneme occurs in a specific length. We
found that all Arabic phoneme lengths are distributed between
3 and 30 frames. Table 6 shows a selected sample of these
probabilities.

Table 6: Sample of Phonemes Length Probability

Prob of

Length IS AA: AH: IH Y IX: AE AA AH
3 0.0295 | 0.0225 | 0.2286 | 0.1032 | 0.0522 | 0.1496 | 0.1534 | 0.0557
4 0.0416 | 0.0435 | 0.2271 | 0.1186 | 0.0842 | 0.2410 | 0.2188 | 0.1515
5 0.0960 | 0.0810 | 0.1904 | 0.0925 | 0.1091 | 0.2235 | 0.2432 | 0.2418
6 0.1393 | 0.0945 | 0.1414 | 0.0967 | 0.1210 | 0.1548 | 0.1606 | 0.2391
7 0.1578 | 0.1814 | 0.0861 | 0.1086 | 0.1293 | 0.0850 | 0.0879 | 0.1305
8 0.1410 | 0.1694 | 0.0492 | 0.1082 | 0.1186 | 0.0491 | 0.0466 | 0.0657
9 0.1052 | 0.1439 | 0.0267 | 0.0862 | 0.0913 | 0.0251 | 0.0208 | 0.0383
10 0.0879 | 0.1109 | 0.0157 | 0.0652 | 0.0652 | 0.0165 | 0.0161 | 0.0173
11 0.0607 | 0.0540 | 0.0092 | 0.0450 | 0.0558 | 0.0109 | 0.0086 | 0.0173
12 0.0555 | 0.0315 | 0.0060 | 0.0363 | 0.0474 | 0.0092 | 0.0078 | 0.0055
13 0.0150 | 0.0255 | 0.0047 | 0.0215 | 0.0273 | 0.0075 | 0.0075 | 0.0119
14 0.0260 | 0.0150 | 0.0029 | 0.0224 | 0.0154 | 0.0059 | 0.0067 | 0.0036
15 0.0133 | 0.0045 | 0.0019 | 0.0167 | 0.0107 | 0.0055 | 0.0033 | 0.0100
16 0.0127 | 0.0090 | 0.0013 | 0.0128 | 0.0178 | 0.0036 | 0.0042 | 0.0055
17 0.0069 | 0.0060 | 0.0017 | 0.0102 | 0.0083 | 0.0032 | 0.0039 | 0.0009
18 0.0040 | 0.0015 | 0.0010 | 0.0065 | 0.0059 | 0.0019 | 0.0014 | 0.0027
19 0.0040 | 0.0030 | 0.0008 | 0.0052 | 0.0000 | 0.0015 | 0.0022 | 0.0009
20 0.0006 | 0.0015 | 0.0006 | 0.0048 | 0.0071 | 0.0011 | 0.0008 | 0.0018
21 0.0006 | 0.0000 | 0.0005 | 0.0043 | 0.0012 | 0.0010 | 0.0003 | 0.0000
22 0.0006 | 0.0000 | 0.0004 | 0.0041 | 0.0024 | 0.0011 | 0.0011 | 0.0000
23 0.0006 | 0.0000 | 0.0006 | 0.0024 | 0.0012 | 0.0007 | 0.0003 | 0.0000
24 0.0000 | 0.0000 | 0.0004 | 0.0009 | 0.0012 | 0.0005 | 0.0003 | 0.0000
25 0.0000 | 0.0000 | 0.0002 | 0.0026 | 0.0024 | 0.0004 | 0.0006 | 0.0000
26 0.0000 | 0.0000 | 0.0002 | 0.0030 | 0.0024 | 0.0002 | 0.0000 | 0.0000
27 0.0006 | 0.0000 | 0.0003 | 0.0011 | 0.0047 | 0.0003 | 0.0003 | 0.0000
28 0.0000 | 0.0000 | 0.0004 | 0.0020 | 0.0000 | 0.0002 | 0.0006 | 0.0000
29 0.0000 | 0.0015 | 0.0001 | 0.0017 | 0.0024 | 0.0001 | 0.0003 | 0.0000
30 0.0000 | 0.0000 | 0.0001 | 0.0022 | 0.0012 | 0.0001 | 0.0003 | 0.0000
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E. Statistical Analysis

By looking at the previous graphs, tables and based on the
5-hour corpus, we find that each phoneme occurs in different
frequency, with the top most frequent phonemes being AE
(&), L (J) and IH (=) respectively, while the least frequent
phonemes are GH (g), DH2 (&) and DH (=), respectively,
ignoring INH (Inhalation Phoneme w3 ), NOISE.(Ji545) and
SIL ().

It is evident that AE is the most probable phoneme when a
phoneme is missed in recognition; which what Fig’s 2 and 4
show. In general, the results of Fig. 4 can be used whenever
confusion or misrecognition of a phoneme happens during the
recognition phase. This, in turn, can raise the probability of
achieving higher accuracy.

Fig. 3 (see Appendix for all phonemes plots) gives a
sample of 4 phoneme length distributions from the set of
Arabic phonemes. From this Figure, we can see the frequency
and behavior of the phoneme length through the corpus. The
Arabic phonemes mean lengths distribution gives a clear idea
about the average length of each phoneme. A deeper look into
the graphs reveals that we can cluster phonemes with similar
average lengths together. For example the phonemes IX (u=)
and IH (=) are in the first cluster based on the average length
in frames. Another cluster is the phonemes UH (&), AA (7)
and E (=) as seen from Fig. 5. Knowing the phoneme average
length, in general, will enhance the Arabic speech recognition
by limiting the number of HMM states that could be used for
each phoneme. Moreover, if a specific phoneme is missing
from the recognition process and the gap of the recognition of
a specific length then, this gap could be filled with one of the
phonemes that belong to same gap length cluster.

In Fig. 6, clear borders appeared between the phonemes
clusters. We notice that E () was seen to be one cluster while
other phonemes are grouped together, ignoring INH
(Inhalation u«5), NOISE. (U4 s&) and SIL («e<). Fig. 7 also
shows that the mode of each phoneme can be used in
recognized missed phonemes, by replacing them with the
closest mode phoneme.

Table 4 (see Appendix) represents the bigram language
model information, which is usually used to enhance the
recognition rate by replacing missing or improbable phonemes
with the maximum likelihood phoneme. This information can
be fused with the other statistical information, like the mode
and the cluster, to further enhance the accuracy.

Table 5 (see Appendix) shows the count of phonemes
observed in the midst location of two other phonemes in the
corpus. For example, the phoneme (E ¢) (s_»¢!') mostly occurs
between two phonemes since the table shows 479 occurrences
of the phoneme in the middle. However, the phoneme (AH: &
) is rarely located in between two phonemes. During
recognition and if a phoneme is missed at the middle, the
triphones frequency can be utilized to determine he most
appropriate phoneme based on Table 4 (see Appendix) with
highest probability of likelihood. Fig. 8 depicts the triphones
frequency of a selected set of phonemes from the corpus.
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Finally, Table 6 presents valuable information that can be
used in determining the number of HMM states for each
phoneme based on the maximum probability of its length
occurrence.

V. RELATED WORK

Different research work has been carried out regarding
statistical analysis of phonemes in languages other than
Arabic. A short report which investigates the relationship
between population size and phoneme inventory size based on
statistical analysis methods is presented in [5]. A robust
correlation between the two is found where the more speakers
a language has; the bigger its phoneme inventory is likely to
be [5]. The results of [5] are independent of the language and
hold for both vowel inventories and consonant inventories.

Statistical procedure based on Fast Fourier transformation
(FFT) to classify word-initial voiceless obstruent each FFT
was treated as a random probability distribution from which
the first four moments (mean, variance, skewness, and
kurtosis) were computed by [6]. The model constructed from
the males’ data correctly classified about 94% of the voiceless
stops produced by the female speakers in [6]. Classification of
the voiceless fricatives did not exceed 80%.

A technique for determining the pure speech-signal in a
noisy environment and some statistical analysis methods for
phonemes-isolation is introduced in [7]. Relatively high
accuracy of phoneme isolation is achieved in noisy
environment and improved quality of phoneme separation is
based on this statistical analysis.

In [8], the authors statistically studied the degree of
contrast between Chinese phonemes. Results from [8] show
that the high degree of sparsity and the low degree of contrast
of human languages not only leave enough room for new
words, new dialects and new languages to appear, but also
contribute to effective and reliable communication. The
presence of few phonemic mistakes is unlikely to cause wrong
decoding (sound recognition) and/or failed communication.

Punjabi syllables from a large Punjabi corpus are
statistically analyzed in [9]. To minimize the database size,
efforts are directed toward the selection of a minimal set of
syllables covering almost the whole Punjabi word set [9]. The
corpus contains more than 104 million words. Interesting and
very important results have been reported from this analysis
and resulted in a relatively smaller syllable set. Those results
produced an improved text-to-speech system and enhanced the
speech recognition, raising its accuracy.

Studies on Arabic language statistical phonemes analysis
are not found in the literature. However, we mention some
work that is closely related to the subject. Statistical studies on
10,000 Arabic words (converted to phonemic form) involving
different combinations of broad phonetic classes are carried
out in [3]. Some particular features of the Arabic language
have been exploited. The results in [3] show that vowels
represent about 43% of the total number of phonemes. They
also show that about 38% of the words can be uniquely
represented using eight broad phonetic classes. When
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introducing detailed vowel identification, the percentage of
uniquely specified words rises to 83%. The authors of [3]
suggest that a fully detailed phonetic analysis of the speech
signal is unnecessary. We, however, disagree with this view.

Some phonemes confusability between modern Arabic
standard speeches is resolved in [4]. Data mining techniques,
spectral analysis and some statistical modeling are used to
resolve the problem of confusability between phonemes that
are very close to each other in pronunciation. For example, the
confusion encountered between /H/ (haa -*) and /E/ (hamzah
«). The statistical analysis in [4] is very limited as compared to
our analysis.

V. CONCLUSION AND FUTURE WORK

The statistical study and analysis of the Arabic phonemes
is necessary to improve the performance of current Arabic
ASR systems.

Knowing the length of a specific phoneme can be used to
limit the length of the HMM chain that represent it, which in
turn increase the speed of recognition and its accuracy.

Clustering the phonemes based on the median of the
lengths of each one can help narrowing the search for the
suitable phoneme during the recognition phase, which in turn
increases the speed and accuracy. Statistical analysis can, also,
be used to develop other accurate methods for phonemes
segmentation.

Language model information, such as bigram, can be used
to replace multiple equi-probable phonemes with the correct
one, and hence reduce the word error rate.

More investigation is needed in the future to check the
effect of previous statistical analysis on the recognition rate
and to determine the best configuration for building the
acoustic model. It is also necessary to carry out this analysis
on other Arabic corpuses and compare its results.
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Appendix

Table 1: The Complete Phoneme List Used In Training

Phoneme | Arabic Letter | Example Description
IAE/ - < Short Vowel FATHA
/AE:/ L <4 Long Version of /AE/
IAA/ - ¢ Pharyngeal Version of /AE/
IAA:/ : S Long Version of /AA/
[AH/ : ] Emphatic Version of /AE/
/AH:/ B BE Long Version of /AH/
/UH/ : o Short Vowel DAMMA
uw/ £ o Long Version of /JUH/
JUX/ : (st Pharyngeal Version of /UH/
/IH/ - Sh Short Vowel KASRA
nyl « Jdé Long Version of /IH/
NIX/ - ia Pharyngeal Version of /1X/
JAW/ 5 ed A Diphthong of both /AE/ and /UH/
IAY/ & e A Diphthong of both /AE/ and /1H/
IE/ 2 Arabic Voiceless Glottal Stop HAMZA, and a variation for QAF in some
dialects.
/B/ < Arabic Voiced Bilabial Stop Consonant BEH
T/ < Arabic Voiceless Dental Stop Consonant THE
/TH/ & Arabic Voiceless Inter-dental Fricative Consonant THEH
1JH/ [d Standard Arabic Voiced Palatal Stop Consonant JEEM, similar to English J.
IG/ z Egyptian Dialect (and others) for JEEM. Also used in foreign names. A Velar
version of /JH/.
1ZH/ z A Voiced Fricative Version of /JH/
/HH/ z Arabic Voiceless Pharyngeal Fricative Consonant HAH
IKH/ ¢ Arabic Voiceless Pharyngeal Velar Consonant KHAH
/D/ 2 Arabic Voiced Dental Stop Consonant DAL
/DH/ 3 Arabic Voiced Inter-dental Fricative Consonant THAL
IR/ P Arabic Dental Trill Consonant REH
12/ J Avrabic Voiced Dental Fricative Consonant ZAIN, and a variation of THAL in
many dialects.
IS/ o Arabic Voiceless Dental Fricative Consonant SEEN
/SH/ S Arabic Voiceless Palatal Fricative Consonant SHEEN
/SS/ o= Arabic Emphatic Voiceless Dental Fricative Consonant SAD
/DD/ o= Arabic Emphatic Voiced Dental Stop Consonant DAD
/TT/ b Arabic Emphatic Voiceless Dental Stop Consonant TAH
/DH2/ ) Arabic Emphatic Voiced Dental Fricative Consonant THAH
/Al ¢ Arabic Voiced Pharyngeal Fricative Consonant AIN
IGH/ & Avrabic Voiced Velar Fricative Consonant GHAIN, also a variation of QAF in
many dialects.
IF/ < Arabic Voiceless Labial Fricative Consonant FEH
Wi - Voiced Version of FEH. Exists in Foreign Names Only.
1Q/ a8 Arabic Voiceless Uvular Stop Consonant QAF
K/ & Arabic Voiceless Velar Stop Consonant KAF
L/ d Arabic Approximant Dental Consonant LAM
M/ o Arabic Nasal Labial Consonant MEEM
IN/ o Arabic Nasal Dental Consonant NOON
IH/ -2 Avrabic Voiceless Glottal Fricative Consonant HEH
W/ B Arabic Velar Approximant Semi-vowel WAW
1Y/ $ Arabic Palatal Approximant Semi-vowel Yeh
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Table 3. Arabic Phonemes Statistics.

Arabic Phonemes | English Format | Frequency | Probability | MIN-Length | Max-Length | Mean | STD | Mode | Median
Lrana SIL 13676 0.0626 3 30 8.23 | 3.90 3 8
sl NOS 71 0.0003 3 30 22.76 | 16.47 3 19
: \ AA: 1730 0.0079 3 30 8.28 | 3.23 7 8
-6 AH: 667 0.0030 3 29 8.23 | 2.82 7 8

smS IH 21199 0.0970 3 30 532 | 2.82 3 5
- Y 4603 0.0210 3 30 8.57 | 6.20 4 7
s IX 843 0.0039 3 30 8.77 | 6.05 7 8
i INH 347 0.0016 3 30 14.04 | 11.24 4 10
< AE 28806 0.1319 3 30 566 | 2.92 4 5
¢ AA 3606 0.0165 3 30 571 | 3.45 5 5
3 AH 1096 0.0050 3 20 6.19 | 2.48 5 6

don & UH 6164 0.0282 3 30 566 | 3.17 4 5
E uw 2669 0.0122 3 30 8.03 | 4.56 6 7

& =2 IX 2356 0.0107 3 26 538 | 2.28 3 5
5 AW 607 0.0027 3 29 10.04 | 3.60 9 10

3 E 12742 0.0583 3 30 571 | 4.12 3 4
s AY 835 0.0038 3 30 11.00 | 4.26 9 10
< B 4735 0.0216 3 30 6.64 | 4.29 5 6
< T 9995 0.0457 3 30 7.61 | 3.77 7 7
< TH 1229 0.0056 3 30 9.33 | 3.20 9 9
p JH 1742 0.0079 3 30 9.12 | 4.22 8 9
z HH 2011 0.0092 3 30 998 | 3.92 10 10
z KH 1329 0.0060 3 30 991 | 3.38 9 10
2 D 4455 0.0203 3 30 6.88 | 4.47 5 6
o= DH 680 0.0031 3 30 6.09 | 2.60 5 6
0 R 7671 0.0351 3 30 6.27 | 551 4 5
J Z 1040 0.0047 3 30 9.80 | 4.99 9 9
o S 4079 0.0186 3 30 9.73 | 3.36 9 10
U= SS 1353 0.0061 3 30 10.66 | 3.44 9 10
8 SH 1658 0.0075 3 30 10.98 | 3.15 10 11
o= DD 867 0.0039 3 30 7.04 | 419 6 6
L TT 1354 0.0062 3 30 8.28 | 4.20 7 7
L DH2 227 0.0010 3 18 6.80 | 2.21 6 6
< Al 5138 0.0235 3 30 831 | 4.45 7 8
¢ GH 485 0.0022 3 30 7.63 | 4.07 7 7
< F 3895 0.0178 3 30 8.47 | 4.72 8 8
S Q 3060 0.0140 3 30 9.66 | 3.67 9 9
< K 2505 0.0114 3 30 9.28 | 4.52 9 9
J L 14471 0.0662 3 30 554 | 3.64 4 5
@ M 9669 0.0442 3 30 6.71 | 4.57 5 6
o N 9471 0.0433 3 30 6.85 | 5.93 4 5
- H 5200 0.0238 3 30 8.82 | 853 3 6
g) W 4420 0.0202 3 30 8.48 | 5.88 6 7
@ Y 5149 0.0235 3 30 7.80 | 6.12 6 7
G AE: 8480 0.0388 3 30 8.12 | 4.59 6 7
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Table 4. Sample of Bigram Tables for Phonemes AE, AH , Al and AW (Prob is the Log base 10 Probability)

AE Phoneme (P (Ph|AE)) AH Phoneme (P (Ph|AH)) AI Phoneme (P (Ph|AI)) AW Phoneme (P (Ph|AW))
Next Next Next Next
Prob Phoneme Phone Prob Phoneme Phone Prob Phoneme Phone Prob Phoneme Phone
-3.127 AE +INH+ -2.8637 AH AE -2.6896 AT +INH+ -3.0842 AW AE
-3.9154 AE +NOISE+ -3.3408 AH AE: -0.411 AT AE -1.431 AW AT
-2.8972 AE AE -1.7498 AH Al -0.771 AT AE: -2.6071 AW B
-4.2834 AE AE: -1.3452 AH B -2.6501 AT AT -1.762 AW D
-1.2953 AE AT -1.4324 AH D -2.6501 AT AW -1.2989 AW DD
-1.4707 AE B -3.3408 AH DH -2.7814 AT AY -3.0842 AW DH2
-1.4636 AE D -1.5279 AH E -1.9906 AT B -1.4932 AW E
-2.1728 AE DD -1.2581 AH F -1.5789 AT D -1.4508 AW F
-1.8058 AE DH -2.4957 AH GH -2.241 AT DD -1.6863 AW HH
-2.3678 AE DH2 -1.0553 AH H -4.0118 AT DH -1.9703 AW JH
-1.1772 AE E -1.6166 AH HH -2.8357 AT DH2 -2.3852 AW K
-1.6591 AE F -2.4957 AH IH -1.7308 AT E -3.0842 AW KH
-2.2791 AE GH -3.3408 AH JH -2.6139 AT F -0.6743 AW L
-0.9939 AE H -1.9095 AH KH -2.7814 AT H -0.7987 AW M
-1.6503 AE HH -0.9481 AH L -3.1667 AT HH -1.8055 AW N
-2.67717 AE IH -1.0553 AH M -0.8568 AT IH -1.3134 AW Q
-4.2834 AE Iy -1.0737 AH N -1.5362 AT IY -0.817 AW R
-1.7972 AE JH -1.57 AH Q -3.5347 AT JH -1.1252 AW S
-1.6927 AE K -0.8081 AH R -3.3129 AT K -2.0428 AW SS
-1.8623 AE KH -2.1104 AH S -2.9704 AT KH -2.13 AW T
-1.1312 AE L -2.4957 AH SH -1.4894 AT L -1.6529 AW TT
-1.1527 AE M -1.9095 AH SS -1.6122 AT M -2.6071 AW W
-1.1432 AE N -0.9176 AH T -2.3586 AT N -1.1866 AW Z
-1.5257 AE Q -2.0186 AH TT -2.6139 AT Q
-1.1464 AE R -1.7968 AH W -1.7639 AT R
-1.4783 AE S -1.4896 AH Y -3.0576 AT S
-1.7299 AE SH -2.4436 AT SH
-3.127 AE SIL -2.3216 AT SIL
-1.9632 AE SS -3.3129 AT SS
-0.88 AE T -1.7839 AT T
-1.9198 AE TH -4.0118 AT TH
-2.1531 AE TT -2.9704 AT TT
-4.0615 AE UH -1.4174 AT UH
-1.6564 AE W -1.4378 AT UwW
-1.8368 AE Y -2.241 AT W
-1.8668 AE Z -2.8357 AT Y
-2.4933 AT 7
Table 5. The triphones frequencies of the phonemes [1].
Arabic Phoneme Triphones Arabic Phoneme Triphones
AA 96 L 560
AA: 70 M 344
AE 542 N 454
AE: 389 Q 238
AH 64 R 460
AH: 40 S 302
AL 289 SH 144
AW 77 SS 156
AY 104 T 393
B 324 TH 106
D 356 TT 161
DD 137 UH 487
DH 65 uw 257
DH2 41 UX 70
E 479 W 187
F 286 Y 218
GH 83 Z 192
H 258
HH 195
IH 657
X 85
IX: 51
Iy 372
JH 181
K 225
KH 130
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Silent Phoneme SIL MOISE Phoneme AA- Phoneme AH: Phoneme
100 100 100 100
Sﬂl 50 SOL 50
0 0 0 0
0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3
x10° x10" x10° x10"
IH Phoneme IY Phoneme IX: Phoneme INH Phoneme
100 100 100 100
50 L 50 E l ‘ 50 M 50
0 0 0 0
0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3
x10° x 10 x10° x 10
AE Phoneme AA Phoneme AH Phoneme UH Phoneme
100 100 100 100
50 L 50 i 50 50 t
0 0 0 0
0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3
x10* x 10" x10* x10*
UW Phoneme IX Phoneme AW Phoneme E Phoneme
100 100 100 100
SOM 50 50 50
0 0 0 0
0 1 2 3 0 1 2 3 0 1 2 3 0 5000 10000 15000
x10° x10" x10°
B Phoneme T Phoneme TH Phoneme JH Phoneme
100 100 100 100
50 h 50 L 50 50 h
0 0 0 0
0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3
x10° x10" x10° x10"
HH Phoneme SIL KH Phaneme D Phoneme DH Phoneme
100 100 100 100
Sﬂh Sﬂh Sﬂh ' 50
0 0 0 0
0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3
x10* x10 x10* x10*
R Phoneme Z Phaneme S Phoneme SH Phoneme
100 100 100 100
50 M 50 Sﬂh Eﬂh
0 0 0 0
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x 10" x10 x10* x10*
S5 Phoneme DD Phoneme TT Phoneme DH2 Phoneme
100 100 100 100
50 h 50 k 50 h 50
0 0 0 0
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x10° x10 x10 x10'
Al Phoneme GH Phoneme F Phoneme Q Phoneme
100 100 100 100
50& I 50 SOE SOM
0 0 0 0
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x10 x 10 x 10 x10
K Phoneme L Phoneme M Phoneme N Phoneme
100 100 100 100
Sﬂm 50\ 50‘ i h 50“ l ﬂ
0 0 0 0
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x10* x10 x10 x10*
AE: Phoneme SIL H Phoneme W Phoneme
100 100 100
50 & 50 & ’ 50
0 0 0
0 0s 1 18 2 25 3 0 08 1 18 2 258 3 ) 0s 1 18 2 25 3
* 10 x 10* x 10
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Figure 3 (Cont). The complete plots for the Arabic phonemes.
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