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Abstract

A Hidden Markov Model (HMM) recognition system is implemented for Arabic
Phonemes as units of recognition. An important result of this system is the
confusion encountered between some phonemes of Arabic (e.g., /h/ (Ha), /%/
(Hamza)), i.e., the recognizer could not distinguish between them. New
parameters, which are based on a new classification of Arabic phonemes, are
added at a higher level of the system for resolving this acoustic confusability and
improving the recognition accuracy. These new parameters, which are based on
the shape of the tongue and the place of articulation along the vocal tract, are
called the Emphatic/nonemphaticc Root and Hamz parameters. The
“Emphatic/nonemphatic” parameter gives a performance of 44%, the “Root”
parameter gives a performance of 40%, while the “Hamz” parameter could
resolve confusability encountered between the phonemes /h/ and /?/ with a
performance of 90%. These new parameters may need accurate estimates of the
distances along the vocal tract to improve their performance.

1 Introduction

The objective of this research is to achieve a robust recognition system for
Arabic language. Arabic speech has its distinctive features, e.g., it has a large
number of pharyngeal sounds (e.g., /x/ (Kha), /?/ (Hamza) and a large number of
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emphatic ones (e.g., /S/ (S‘a). It also has the two palatal sounds /T/ (Ta) and

/D/ (Da) that are rarely used in other languages.

Parametric representation of Arabic speech is used to help realize an Arabic
speech recognition system. Each Arabic phoneme is modeled as a Hidden
Markov Model (HMM). In the HMM the speech phonemes could be recognized
through the observed parameters that are derived from the speech signal.

In section (2) the signal processing methodology for deriving the speech
signal parameters is explained. Also, the vector quantization method, which is
used to reduce the computational complexity, is outlined. In section (3) the
implementation of the phoneme HMM is discussed. The new parameters
derived for a second level of the recognizeri are given in section (4).

2 Signal processing
2.1 Spectral analysis

The database used in this work consists of five repetitions of a set of 31
monosyllabic words uttered by three Sudanese Arabic speakers. These words
are meaningless, but are of the same structure /cve/ or /cv/. Each word in the
database starts with the plosive sound /?/ (Hamza), followed by the short vowel
/a/ (Fatha), and ends with one of the 28 Arabic consonants, or one of the three
vowels (the structure becomes (/cv:/). These words are chosen according to

Sibawaihi advice (the famous Arabic phonetician in the Sth century [2]). He
mentioned that a good perception of Arabic phonemes can be achieved by
articulating any of them preceded by ( Alif Hamz), (e.g., /?ar/, /?am/. The
semivowels /j/ (Ya), and /w/ (Wa) are articulated in a /cv/ structure (e.g., /ja/
(Ya), /wa/ (Wa)). The three short vowels of Arabic are not included because we
are interested in the features of Arabic phonemes and not in their duration.

After a comprehensive study of Arabic phonetics [1][2], each of the 31-
monosyllabic words has been hand-labeled to the level of individual phonemes.
These Arabic phonemes are ideal since they are not affected by context. A total
of 31 HMMs are trained and decoded using these phonemes.

Analysis is accomplished as follows [3], [4], [5]:

Firstly, speech is sampled at 10 kHz. Then, the pre-emphasis filtering is
accomplished on speech signal samples using a first order differentiator [5].
Sections of N, consecutive speech samples are used as frames. In this

research, we used N =200 samples corresponding to 20 ms of signal. The total
number of frames is denoted N 2 The combination of 20 ms frame duration and

(5 ms) overlap is used in this system.

Parameters used for representing the speech signal contain a set of LP-derived
cepstral coefficients plus power, delta power, and delta-delta power. The
covariance lattice method of the Linear Predictive Coding (LPC) analysis
technique is implemented [3], [4], [6], [7], [8]. For each frame (/) a set of 13
LPC coefficients denoted (In next sections, the subscript will denote frame
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number (/) and index of prediction parameter will be included between
brackets.){al(i)} plus a set of 13 reflection coefficients denoted {kl(i)} are

computed (where 1 < i <P and 1< /< Nf). P=13 is the number of prediction

coefficients.

Then a set of 13 cepstral coefficients is obtained from the predictor
coefficients for each time frame [4][5].

Power is also computed on a frame-by-frame basis. A single value of power
is obtained for each frame of the signal [5]. For obtaining the delta power
parameters, a first order differentiator is used.

We obtain the second order derivative of power by reapplying the
differentiator.

The final set of parameters used for the recognition is the cepstral coefficients
with power, delta power, and delta-delta power, which contains 16 parameters.

2.2 Area function

The area function is the estimation of the vocal tract shape. It is the dependence
of cross sectional area upon the length along the tract, which can represent the
place of articulation. Since the perception of Arabic speech depends mainly on a
correct place of articulation, the place of articulation of each phoneme is
supposed to be one of the important factors for Arabic speech recognition
systems. For this reason, using the area function as a combination of acoustic
and articulatory parameter is expected to improve the efficiency of the Arabic
speech recognition system. These coefficients are used for deriving new
parameters that can be used in a second level of the recognition system

The reflection coefficients that are obtained directly from the LP analysis
technique, are used in a direct and simple formula to obtain the area function as
follows [9],[10]

A(P+1) =1 (1)
1+k
A = 4 e ®

Where k(m) is the m™ reflection coefficient of frame /, and 1<m < P.

2.3 Statistical modeling and vector quantization

In this section we consider joint quantization of a block of signal parameters.
This type of quantization is called block or Vector Quantization (VQ) [4], [5],
[11] that is implemented as a compression technique to reduce the computational
complexity. The output of this stage is a set of observation vectors representing
the signal. These observation vectors are used in the HMM recognition system.
The first step in this process is the initial guess of the codebook. An initial guess
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by splitting is implemented on this system [12]. The vector quantization
codebook is generated by employing the Linde-Buzo-Gray (LBG) algorithm [4],
[51.112],

3 The HMM recognition system

As vocabularies become larger and recognition tasks more complicated, training
and storing models for each word is generally impossible and therefore models
for subword units (e.g., syllables, phonemes) are employed [4]. For this reason
phoneme models are used in this Arabic speech recognition system as discussed
below.

Extraction of phonemes from context is accomplished through hand labeling
methods. For this Arabic speech recognition system a state emitter, left to right
model is used for each phoneme. For each phoneme HMM a 3-states model is
constructed without skipping. The discrete observation HMM is restricted to the
production of a finite set of discrete observations. In this case the naturally
occurring observation vectors are quantized into one of the permissible sets using
the vector quantization (VQ) method described above. Prior to training any of
the HMMs for the individual utterance, a set of continuous observation vectors
from a large corpus of speech was used to derive the codebook. Subsequently,
any observation vector used for either training or recognition was quantized
using this codebook.

In the training phase, the Viterbi reestimation algorithm is applied [4]. First,
the test utterance is analyzed and vector quantized. Its observation sequence is
now the only known parameter. Second, we represent this utterance by a HMM.
Its parameters are those obtained for the existing trained models 0, , Isisw,

and W is the number of models trained. We use the parameters of each
reference model in conjunction with the observation sequence O of the test
utterance. This procedure is implemented using the Viterbi decoding algorithm.
In the recognition phase, given a test utterance we seek to model it and to find
its P*, where P* = P(O | Di) is the probability that the HMM could generate the

observation sequence O given the model [J, using the best possible sequence

state.
The resulting measures computed for each model , 0, will be P(O | Di).

These measures provide meaningful likelihood measurement with which
appropriate relative comparisons across models are made. Finally, the reference
model, which provides the maximum probability, is chosen as the recognized
one.

4 A second level of the recognizer

In the light of the results obtained, acoustic confusability is encountered between
some Arabic phonemes. Confusability refers to the extent to which phonemes
can be easily confused because of some acoustic similarities [4]. The extent to
which similarities occur in the phonemes will have an impact on the performance
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of the recognizer. A higher level of the recognizer is called upon to make the
correct recognition. In this second level of the recognition system, additional
parameters are presented for resolving the acoustical confusability between some
Arabic phonemes. The new parameters are based on a new classification for
Arabic phonemes as described in the next section.

4.1 Classification of Arabic phonemes

Based on the shapes of the front, the back and the root of the tongue, Arabic
speech can be classified into three classes as follows:

1. Emphatic phonemes.

2. Non-emphatic phonemes.

3. Root phonemes.

In the Arabic system of emphatic vs. non-emphatic phonemes, the emphatics
are more backed than their non-emphatic counterpart [2]. An emphatic
articulation is one in which the back of the tongue is elevated towards the palate
while the front of the tongue is lowered. Therefore, the tongue forms a narrower
area at the position of the back of the tongue as compared to that at the position
of the front of the tongue. In contrast, for the non-emphatic phonemes such a
tongue shape does not occur.

The 7 emphatic phonemes of Arabic speech are /q/ (Ka), i/ (Gha), /x/ (Kha),
D/ (Da), IT/ (Ta), /S/ (Sa), and /8/ (Dha) [2]. Non-emphatic phonemes are

all other phonemes except the pharyngeal /H/ (Ha) and /0 / (Aa), and the
glottal /a/ (Aa), /h/ (Ha), and the /?/ (Hamza) which will be defined here as root
phonemes.

Root phonemes are considered to be unusual speech sounds. Not all
languages use them and those that do have very few of them. In Arabic speech

the 5 root phonemes are the consonants /0/ (4a), /H/ (Ha), /7/ (Hamza), /h/
(Ha), and the vowel /a/ (Aa). A root articulation is one in which the root of the
tongue assumes the shape of a bulge and is drawn back toward the vertical back
wall of the pharynx to form a stricture [1], [2]. This radical bulge generally
divides the vocal tract into 2 cavities, one below extending from the stricture to
the glottis, the other above extending from the stricture to the lips.

4.2 The new parameters

Based on the shape of the tongue, some parameters are derived. and can be used
in a higher level of the recognizer to resolve acoustic confusability between the
phonemes. The new parameters are as follows:
1. Emphatic/non emphatic parameter.
2. Root parameter.
3. Hamz parameter.
These parameters are presented in the following subsections.
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4.2.1 ”Emphatic/nonemphatic“ parameter

According to the X-ray tracing for the area function by Fant [10], an approximate
length of the back of the tongue for a constant vocal tract of length (17-cm) is
calculated. The back of the tongue starts approximately at a distance 6 cm and
ends at 9 cm from the glottis. The front of the tongue starts at 9 cm and ends at
12 cm from the glottis. Hence, for the lossless tube model the area function of
P=13 sections, the back of the tongue starts (approximately) at section 5 and
ends at section 7, and the front of the tongue starts at section 8 and ends at
section 10. The areas between section 5 and 7 are the areas that have smaller
values in the case of emphatic articulation [2].

For deriving the Emphatic/nonemphatic parameter, the summation of areas
from section 5 to 7 (X) is compared to the summation of areas from section 8 to
10 (¥). It is observed that (X) is smaller than (¥) in case of emphatic
articulation. Accordingly, a ratio factor is derived as follows,

R,,=X/Y 3)

It is found that this ratio is less than one for the emphatic sounds.

4.2.2 ” Root“ parameter

A new parameter is derived for the root phonemes /0/ (Aa), /H/ (Ha), /%
(Hamza), /h/ (Ha), and the vowel /a/ (Aa) which are not emphatic. According to
X-ray results by Fant [10], the root of the tongue starts at the glottis and ends at 6
cm from the glottis. Hence, for the lossless tube model the area function of P=13
sections, the root of the tongue starts (approximately) at section 1 and ends at
section 5. This constricted area at the root of the tongue is the feature that can be
used to distinguish between root phonemes and other phonemes of Arabic.

For deriving the Root parameter, the summation of areas from section 1 to 5
(C) is compared to the summation of areas from section 6 to 10 (D). It is
observed that (C) is smaller than (D) in case of root articulation. Accordingly, a
ratio factor is derived as follows,

R, =C/D C)

root

It is found that this ratio is less than one for the root phonemes.
4.2.3 ”Hamz” parameter
On the other hand, the root phonemes have some acoustic confusability between

them. This confusability could be resolved for the phonemes /h/ and /?/. The
summation of areas at sections 1 and 2 are smaller than that at sections 3 and 4
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for the pharyngeal /?/. While the reverse is true for the pharyngeal /h/. So,
another parameter is derived to distinguish between the phonemes /h/ and /?/.
We define the following,

AN+ 4Q)
P AG) + A%) ®)

From this equation we obtain the following two cases:
The case of the phoneme /%, R, <1.

The case of the phoneme /h/, R, > 1.

4.3 Algorithm of the second level of the recognizer

The second level of the recognizer runs after the decision step taken in the HMM
recognizer (the first level of the recognizer), and its algorithm is implemented as
follows,

1. We have the area function of the test utterance at the l’h time frame
{A](i) }, where 1<i<13,and 1<i<13
Calculate the average area function of all frames Aave(i)

3. Calculate the Emphatic parameter

ZSAM (i)

Remp =10 (6)
z Aave (i)
i=8
If Remp <1 = This is an emphatic phoneme,
Else = This is either a non-emphatic or root phoneme.
4, Calculate the Root parameter
5
2 A ()
i=1
RI‘{)O[ = ’——-—— (7)

10
IV
i=6

If R <l = Thisisaroot phoneme,

Else = This is a non-emphatic.
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5. Calculate the Hamz parameter
If the phoneme is recognized (in the first level) as either /h/ or /?/ then calculate,

2 A ()
2, e ()

Rh = ®

If R, <l = Thisis the root phoneme /?/,
Else = This is the root phoneme /h/.

6. Compare the previous decisions of phoneme classification with the dictionary
of classified phonemes and chose the nearest one to the first decision in the first
level recognizer.

Finally, these new parameters are based on the length of the vocal tract, it
should be pointed out that accurate estimate of the vocal tract of each speaker is
necessary, and adjustment of the mentioned distances of the vocal tract is
necessary.

5 System evaluation

The new parameters, which are based on a new classification of Arabic
phonemes, are added at a higher level of the recognition system for resolving the
acoustic confusability and improving the recognition accuracy. The
“Emphatic/nonemphatic” parameter gives a performance of 44%, the “Root”
parameter gives a performance of 40%, while the “Hamz” parameter could
resolve confusability encountered between the phonemes /h/ and /?/ with a
performance of 90%. Accurate data of the vocal tract distances are needed for
deriving the new parameters.
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