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The aim of this study is to develop an automatic speech recognition system
in order to classify sibilant Arabic consonants into two groups: alveolar
consonants and post-alveolar consonants. The proposed method is based on
the use of the energy distribution, in a consonant-vowel type syllable, as an
acoustic cue. The application of this method on our own corpus reveals that
the amount of energy included in a vocal signal is a very important
parameter in the characterization of Arabic sibilant consonants. For
consonants classifications, the accuracy achieved to identify consonants as
alveolar or post-alveolar is 100%. For post-alveolar consonants, the rate is

96% and for alveolar consonants, the rate is over 94%. Our classification

Classification technique outperformed existing algorithms based on support vector

Energy bands machines and neural networks in terms of classification rate.
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1. INTRODUCTION

The field of automatic speech processing has undergone considerable development in recent years.
This development allowed humans to communicate with machines. As a result, speech recognition systems
are used in a wide range of activities, both professional and public, such as newspaper writing, controlling
industrial machinery, and so on. Knowledge of various fields, such as signal processing, linguistics,
phonology, computer science, and statistics, is required in the subject of automatic speech recognition. from a
phonetic perspective, vowels and consonants are the two basic kinds of vocal sounds. The creation of vowels
necessitates open air circulation in the vocal tract, whereas the generation of consonants necessitates an
interruption or disturbance in the flow of air at one point [1], [2]. Occlusive and fricative consonants are the
two basic modalities of consonantal articulation in articulatory phonetics. Occlusives are noisy sounds of
short duration marked by quiet caused by the complete closure of the vocal tract at a specific point (as in the
consonant /k/). Fricatives, on the other hand, are noisy sounds created by turbulent airflow. There is a
frictional noise (as in the consonant: /s/) when this flow hits a constriction [3], [4]. Fricatives can be grouped
into the sibilant and non-sibilant categories. In the opposite of the non-sibilant consonants, the sibilant ones
are produced by directing a flow of air with the tongue towards the edge of the teeth kept closed, resulting in
a distinctive hissing sound [5]. Figure 1 reports the classification of Arabic consonants.

The researchers conducted many studies in order to design a voice recognition system and/or
improve its performance. They used a variety of acoustic indices in their research, including the duration and
amplitude of the frication, the center of gravity (CoG) value, spectral moments (skewness, mean, kurtosis,
and standard deviation), gammatone filter outputs, Mel-frequency cepstral coefficients (MFCCs), and so on.
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For sibilant consonants, several studies were conducted. Indeed, Behrens and Blumstein [6] undertook an
examination of the temporal changes of the spectral features of English sibilants (/s/ and /[/) as part of their
work on the characterization of sibilant consonants. According to their findings, monitoring the frequency of
the peak at the start, middle, and end of the consonant allows for highly accurate identification of these
sounds. The consonant /s/ had a greater peak frequency than the consonant /f/. The spectrum and intensity of
fricative consonants can be used to determine the place of articulation, according to Borden [7]. When
compared to non-sibilants, sibilants (/s/, /z/, Ish/, and /zh/) have unusually steep high frequency spectral
peaks and comparatively high intensity levels. The alveolar cells’ spectral peak (/s/ and /z/) is around 4 kHz.
For a typical male speaker, the post-alveolar (/sh/ and /zh/) frequency is around 2.5 kHz. The duration and
amplitude of the frication are also related to the articulation point, allowing to discriminate between sibilants
and non-sibilants [8].

Arabic consonants

Occlusives Fricatives

m——

s/, /¥, (z/, /3] and [/ J 151,16/, (81, /8%, [x/, [x/, [S/, [h/, and [h/ \—

Figure 1. Diagram classifying the Arabic fricative consonants

To identify English fricative sounds, Ali et al. [9] used the maximum normalized spectral slope
(MNSS) and the spectral CoG (SCoG). They stated in their paper that the detection of sibilants is done in two
stages: the first is determining the voicing, and the second is determining the articulation location. They were
87 percent accurate on average. Regarding the recognition of English sibilants in terms of alveolar and post-
alveolar, Ali et al. [10] found that alveolar peaks around 5 kHz while the post-alveolar peaks around 3 kHz.
The CoGs, which have been identified between 2 and 4 kHz for the post-alveolar and between 4 and 8 kHz
for the alveolar, can be used to distinguish the two classes of sibilants [11], [12]. The front cavity of the post-
alveolar consonant /f7 is larger than that of the alveolar consonant /s/ from an articulatory standpoint. This
difference is accompanied by a qualitative difference in the shape of the front cavity: for /f/, the tongue is
positioned so that a sublingual cavity would be formed behind the lower incisors, whereas for /s/, the tongue
is positioned in a way in which the underside of the tongue tip comes into contact with the lower incisors,
obviating the need for a sublingual cavity [13]-[15]. Non-sibilant English fricatives have bigger standard
deviations, lower overall amplitudes, and shorter durations than sibilant ones, according to spectral moments.
The palato-alveolar junction place /f/ (4.7 kHz) had a lower spectral mean than the alveolar one /s/ (7.1 kHz).
The asymmetry average for the consonant /s/ was negative in all female productions and considerably
positive in all male outputs [16], [17]. Kong et al. [18] focused on classifying English fricatives as alveolar,
post-alveolar, or non-sibilant. The data was analyzed using spectral characteristics, gammatone filter outputs,
and MFCCs. They achieved an accuracy of 88 percent with gammatone filter outputs and 87 percent with
non-gammatone filter outputs. Kochetov [19] looked at the CoG, formants F1, F2 and F3 during the next
vowel, and length of the four unvoiced Russian sibilants (/s, s, s, and ' /). During the frication area, he
discovered that the CoG aids detect anterior versus posterior contrast. F1 and especially F2 at the beginning
and middle of the next vowel distinguished the palatalized versus non-palatalized difference. Only /f/ is
distinguished by the fricative duration.

Cooper et al. [20] studied unvoiced fricatives using spectral moments, median power, and fricative
duration as acoustic indicators when working on Arabic fricatives. This study demonstrated that spectral
asymmetry may be used to determine consonant articulation points. The asymmetry value increases when the
point of articulation is moved from the front to the back of the vocal tract. The value of /s/ was bigger than
that of /7 in terms of spectral mean. The greatest values were found in alveolar fricatives, followed by post-
alveolar fricatives, while the lowest values were found in non-sibilant fricatives. The spectral standard
deviation values of sibilant fricatives were lower than those of non-sibilant fricatives. In his research on
Arabic fricative consonants, Al-Khair [21] found that the spectral position of the peak is an acoustic index
that permits to distinguish between alveolar sibilant consonants /s and z/ and post-alveolar /|/. Arabic
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sibilants have a compact spectrum with a greater intensity and frequency CoG than non-sibilants, according
to Benamrane [22]. The consonants /s and s/ have a high CoG in comparison to the consonants /z, 3 and /.
Mokari and Mahdinezhad [23] have conducted a comparison of tow Azerbaijani fricative classifiers. The first
system uses spectral moments, spectral peak, amplitude, and duration, whereas the second one employs
cepstral coefficients. This comparison shows that the cepstral coefficients were more trustworthy predictors
in the categorization of the nine Azerbaijani fricatives. Based on the energy in the bands as an acoustic
indication, Elfahm et al. [24] developed a technique for categorizing Arabic fricative consonants into two
main groups: sibilant and non-sibilant. They discovered that sibilant consonants had zero energy in the band
(800 to 2,000 Hz), while non-sibilant had the lowest energy in the region (5,000 Hz to 8,000 Hz).

As can be seen from this overview, the major works were limited to classify the tow sibilant
consonants /s and [/ using spectral moments and CoG values as acoustic cues. In this study, our contribution
is to extend the classification to the other Arabic sibilant consonants /s, s¢, z, 3, [/. Our algorithm uses the
energy distribution in syllable to classify these consonants into two groups: alveolar /s, s¢, and z/ and post-
alveolar /3 and [/. Then, it recognizes the consonants of each group. This paper is organized as follows: The
methodology and instruments employed, as well as the experiments conducted, are presented in the first
section. The results are presented and discussed in the second section. A summary of the findings and a
presentation of the conclusions are included in the final section.

2. METHOD

This study took place in two phases: a phase of construction and segmentation of the corpus, a
second phase concerning the processing and the acoustic analysis of the signal. The purpose of the first phase
is to record vocal sequences and segment these sequences into syllabic units of the consonant-vowel CV
type. In the signal processing part, we calculated the landmarks and the energy in frequency bands in order to
use it in the acoustic analysis of the voice signal.

2.1. Corpus and signal processing

The data used for the acoustic analyzes presented in this study include audio recordings from our
own corpus. We asked nine male Moroccan speakers to repeat a CVCVCV sequence four times, see Figure 2.
All footage is recorded in an isolated chamber via the Labtech AM232 microphone which was placed 20 cm
from the corner of the mouth and at a 45° angle to increase recording quality. The audio files were recorded
in rural areas, using Praat software, at a sampling frequency of 22.05 KHz. From this dataset, we performed a
segmentation operation, exploiting landmarks, to extract a CV sequence.

Consonant Vowel

Figure 2. Using the Praat software, recording the sibilant consonant /s/ followed by the vowel /a/

The speech signal’s spectrogram was computed using MATLAB software as follows: The signal is
initially divided into 11.6 ms segments, with adjacent segments overlapping by 9.6 ms. To obtain appropriate
frequency resolution, these segments underwent Hamming windowing, which was preceded and followed by
zero padding. After that, the fast Fourier transform (FFT) is computed. To get the normalized energy EB(n)
of vowels and fricative consonants, use (1).

Eg(n) = ¥;10.log(1X (n, i|?) @
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X(n,i) is the amplitude of the spectrum smoothed by a moving average of 20 points along the time index (n).
The frequency band is represented by B. The frequency index, (i) is calculated using the DFT indices that
reflect the bottom and upper boundaries of each band. Then, using (2), we computed energy percentage Egn
(n) of band B for each window n.

_ Ep(n)
Esn() = 51 )
Er(n) represents global energy in segment n.
In order to identify a landmark, it is necessary to measure the rate of change of a number of
characteristics that were derived from the speech signal over a brief period of time. The ensuing equation was
applied to determine the rate of change (ROC) of energy in band b.

Rgp(n) = Eg(n) — Eg(n —])) 3)

The time step is represented by the letter J. The difference in energy value between the current window n and
the one preceding it by J windows is shown by this measurement.

2.2. Segmentation

Vowels and consonants are produced when the vocal tract suddenly constricts. This articulatory
action is mirrored in the speech signal’s spectrum by a sudden change at the moment in time when the sound
is closed or released [25], [26]. These time points serve as markers for determining the beginning and the end
of a consonant or vowel. We employed two sorts of landmarks point in our approach. The first is the acoustic
cue (g), which indicates when the vocal cords begin to vibrate (g+) and when they stop vibrating (g—). These
times correspond to the crossing points of the ROC curve of the first band B1 above and below the threshold
values of 9 dB (g+) and -9 dB (g-) respectively. The acoustic cue (b) Burst is the second kind, with (b+)
indicating the start of the frication noise for fricative consonants or the commencement of the explosion for
plosive consonants, and (b-) indicating the conclusion of the frication or suction noise. Between the points
(g-) and (g+), the landmark point (b) is positioned at the most important peak of the ROC curve of the bands
B2 to B5. The following intervals correlate to a consonant or vowel’s location: A vocal consonant or vowel is
expressed by (+g, -g). (+b, +g, -g): A syllable that starts with a frication, with (+b) indicating that the
frication is present. (+b, -b, +g, -g): initial plosive syllables, (+b, -b) denoting the start and end of the
liberation.

2.3. Support vector machine and artificial neural network methods

An artificial neural network (ANN) is a mathematical model that imitates the functions of the
human brain. Today, the multilayer perceptron (MLP) is a form of neural network that is widely used in
classification. The input and output nodes are separated by one or more layers in this feed-forward network.
With one and two hidden layers, each with a different number of neurons, we put the MLP network to the test
(s). The output layer is made up of two neurons, whereas the input layer is made up of four neurons [27].
When determining the number of neurons per hidden layer, there are several guidelines to follow. The size of
hidden layer must be either the same as the size of the input layer [28] or 75 percent of its [29].

Support vector machine (SVM) is a classification technique based on supervised machine learning.
The objective is to find a decision function that uses the optimal hyperplane margin separation as a starting
point. Support vectors are the data points closest to the hyperplane. SVM transforms the representation space
of the input data into a higher-dimensional space where a linear separation is more likely when the data to be
processed is not linearly separable [30]. This is accomplished through the usage of a kernel function. The
polynomial kernel is the most often used kernel in SVMs.

3. RESULTS AND DISCUSSION

Our classification algorithm works in three steps. It all starts with recognizing the vowel that follows
the consonant. Then and for the same vowel, our algorithm divides the consonants into two categories,
alveolar and post-alveolar. Finally, it separates the consonants that belong to each of the two categories.

3.1. Vowel classifications

We will detail the operation and show the results of the classification method for the three Arabic
vowels in this section. We first divided each time domain vowel in three equal segments which are: onset,
middle and offset. For each vowel frequency band as shown in Table 1, we then calculated the normalized
energy in the middle of each vowel as shown in Figure 3.
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We see that the vowel /a/ is characterized by a high energy in the BV1 band (more than 50%),
while the BV2 band has only 40%. The energy in the B3 band is about 10%. In the case of the vowel /u/,
band BV1 carries the most energy, roughly 80%. The BV2 band has a 20% energy level. The band BV3 has
the lowest energy value. The vowel /i/ varies from the other vowels in that it has essentially little energy in
the BV2 band and a lot in the BV3 band (around 30 percent). These findings are consistent with those of
Abajaddi et al. [31].

Based on these remarks, we developed the algorithm depicted in Figure 4 to classify the three
Arabic vowels. First, we look at the energy in the middle of the vowel in the second band BV2 (MV2). If it is
greater than 5%, one proceeds to the analysis of the energy in the middle of the vowel in band BV1, if not
one proceeds to the examination of the distribution of energy in the middle of the vowel in band BV3.
The vowel sought is /a/ if the energy in band BV1 is less than 55%; otherwise, the searched vowel is /u/.
The vowel is /i/ if the energy of the BV3 band is more incredible than 5%, otherwise, the vowel is /u/. This
algorithm’s evaluation showed a very high classification rate (over 98 %). Table 2 summarizes the results
that our algorithm achieved.

Table 1. Vowel frequency bands
BV1 BV2 BV3 BV4
100 t0 600 Hz 600 t01800 Hz 1,800 to 4,600Hz 4,600 to 8,000Hz

/fa/ fif

30
20
10
o . _ — .

1 2 3 a 1 2 3 a
Frequency band Frequency band

Energy percentage
g

Energy percentage
&

fuf

Energy percentage

" I
0 |

1 2 3 a
Frequency band

Figure 3. The energy distribution in the middle of the three Arabic vowels in the four frequency bands

Energy MV2 > 5%

Energy MV3 > 5% Energy MV1 > 55%

A A
C with /i/ C with Ju/ C with /a/

4 Y

Figure 4. The algorithm for classifying the three Arabic vowels /a/, /i/, and /u/
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Table 2. Accuracy of vowel classification
Vowel lal lil Ju/
Classificationrate  98.5% 98.9% 97.4%

3.2. Classification of alveolar/post-alveolar consonants followed by vowels /a/, /i/ and /u/
3.2.1. Alveolar/post-alveolar consonants followed by vowels /a/ or /i/

To characterize the consonants, we took the following steps: we divided the time domain of each
consonant into three equal segments. Then, the normalized energy in the middle of each consonant for each
consonant frequency band in Table 3 was calculated as shown in Figure 5. By analyzing the energy
distribution graphs of alveolar and post-alveolar consonants as shown in Figure 5, we discovered that the
energy follows the same evolution in the band B1, B2 and B3. On the other hand, the energy distribution is
different in bands B4 and B5. In the B4 band, alveolar consonants have an energy proportion of less than
30%, whereas in the B5 band, it is larger than 50%. The energy distribution for post-alveolar consonants is
flipped, with more than 60% of the energy in the B4 band and less than 10% in the B5.

Table 3. Consonant frequency bands
Bl B2 B3 B4 B5
10010400 Hz 400 to 1,600 Hz 1,600 t0 3,000 Hz  3,000t05,000 Hz 5,000 to 8,000 Hz

Alveolar with fa/ Post-alveolar with fa/
80 80
v 70 @ 70
] w
£ 60 g €0
w 50 @ 50
2 -l
g g
o 30 o 30
2 a2 20 9
g 10 g 1 .
: N :
) — o ) o p— [
1 2 3 4 5 1 2 3 4 H
Frequency band Frequency band
Alveolar with fif Post-alveolar with fif
80 80
@ 70 @ 70
7] 5o
2 60 8 w0
5 c
9 50 9 5o
o o
o 40 @ 40
o o
= 30 > 30
By o
) e
@ 20 ] 20
o [] “r N ]
o — - ° -
1 2 3 4 5 1 2 3 4 5
Frequency band Frequency band
Alveolar with fuf Post-alveolar with fuf
80 80

Energy percentage
g

Energy percentage
g

50
30 30
20 20
10 l l 10 - l
0 — 1] —_—
3 4 5 3 4 5

1 2 1 2
Frequency band Frequency band

Figure 5. The energy distribution of alveolar and post-alveolar consonants followed by the vowel /a/, /i/ and /u/

Based on the findings, we devised the algorithm shown in Figure 6, which classifies sibilant
consonants into alveolar and post-alveolar consonants when they are followed by one of the two vowels /a/ or
/il. The following is how the algorithm works: The consonant is classed as alveolar if the energy percentage
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in the middle of the consonant in the B4 band: (3,000 to 5,000 Hz) is less than 35 percent. The consonant is
post-alveolar otherwise. This method has a perfect classification rate of 100%.

Energy MC4 < 35%

YES NO
Y Y

Alveolar Post-alveolar

Figure 6. Alveolar and post-alveolar consonants classification algorithm followed by the vowel /a/ or /i/

3.2.2. Alveolar/post-alveolar consonants followed by the vowel /u/

The energy distribution of alveolar and post-alveolar consonants followed by the vowel /u/ is shown
in Figure 5. The difference in energy distribution between consonants followed by the vowels /a/ and /I/ and
those followed by the vowel /u/ is the first observation. The vowel /u/, on the other hand, shifted energy from
higher to lower frequencies. The second discovery is that alveolar consonants have essentially little energy in
the B3 band, but post-alveolar consonants have energy in this band. The energy in the other bands evolves in
the same way as the two consonant classes.

Based on this analysis, we developed the classification algorithm for sibilant consonants
accompanied by the vowel /u/, as shown in Figure 7. This method works as follows: in the band B3 (1600 to
3000 Hz), the consonant is classed as alveolar if the energy percentage in the middle of the consonant is less
than 5%. Otherwise, the consonant is considered post-alveolar. This algorithm has an accuracy of 90.5%.

Energy MC3 <5%

YES NO

y

Alveolar Post-alveolar

Figure 7. Classification algorithm for alveolar and post-alveolar consonants followed by the vowel /u/

3.3. Classification of post-alveolar consonants /3/ and /f/ accompanied by the three vowels

The distribution of the energy percentage in the middle of the two post-alveolar consonants (/3/ and
/[7) in the five frequency bands is shown in Figure 8. It can be observed that the energy in the bands B2, B3,
B4, and B5 follows the same distribution. The energy in the B1 band, on the other hand, allows for
differentiation between the two post-alveolar cells. The consonant /3/ is distinguished by the existence of
energy in the first band, whereas the consonant /f/ has no energy in this band. On the basis of this finding, we
proposed the algorithm shown in Figure 9, which permits the categorization of post-alveolar consonants (/3/
and /f/) as follows: if the energy in band Bl is zero, the consonant is classified as /[/; otherwise, the
consonant is classified as /3/. This method has an accurate classification rate of 96.76 percent.
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Figure 8. The energy distribution of post-alveolar consonants followed by the three vowels

Post-alveolar with /al, /il or ju/

Energy MC1 <10%

i 13/

Figure 9. Classification algorithm for post-alveolar consonants followed by the three vowels.

3.4. Classification of alveolar consonants /z/, /s/ and /s$/ accompanied by the three vowels

The categorization of the three alveolar consonants /z/, /s/, and /s$/ according to the energy in the
middle of the consonant is a bit tricky, as seen in Figure 10. In particular, the two consonants /s/ and /s¢/ have
the identical energy distribution in all bands, independent of the vowel that follows the consonant. However,
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owing to the band B1, we can distinguish the sound /z/ from the two consonants /s/ and /s$/. The consonant
/z/ has an energy percentage of more than 45 percent in band B1, but the two consonants /s/ and /s¢/ have an
energy percentage of zero in this band.

We may extract the algorithm of Figure 11 from this result, which allows us to classify the alveolar
consonants /z/, /s/, and /s$/. This algorithm operates as follows: if the energy in band B1 is more than 30%,
the consonant is designated as /z/; otherwise, the consonant is designated as /s¢/ or /s/. The accuracy of this
algorithm is 94.75 percent. The results of the three methods are summarized in the Table 4. We can see that
our approach consistently outperforms or equals the results provided by other algorithms (ANN and SVM).

J1f with faf [sf with faf {5 with fa/
L) ] ]
& n & g 70
a " )
= 6 < 50 o 60
£ = E
¥ % Y 5 FREY
§ 5 :
AL 2w g ]
L L ]
b o ]
g g w g ]
5 0 IE 10 I g 10 I
w
0 c . 0 (4] — —_ 0 . — —_
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
Frequency band Frequency band Frequency band
Jaf with fif fs{ with fif Js5/ with fif
8 80 80
& n ¥ v
3w Ew 5
£ 3 2 ]
S w0 g w0 g
§ § d
o % o 4 g w0
b & 30
= = G
an g 0 = 2
& & £ l
10 l 5
o R | , H - P | _
1 1 3 4 5 1 2 3 4 5 1 2 3 4 5
Frequency band Frequency band Frequency band
f2f with ju} s with fuf /55 fwith fuf
8 8 1]
L) %0 o 70
L] o ]
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Frequency band Frequency band Frequency band

Figure 10. The energy distribution of alveolar consonants followed by the vowel /a/

Alveolar with fa/, /if or fu/

Energy MC1 <30%

YES NO
Y Y

fsf or Isg/ 12!

Figure 11. Alveolar consonant classification algorithm followed by the vowel /a/, /i or /u/
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Table 4. A comparison of our algorithm’s performance with that of the ANN and SVM algorithms

Our algorithm ANN algorithm SVM algorithm

Vowel classifications 93 % 83.64 % 83.33%

Classification of alveolar/post-alveolar 100 % 100 % 99.63 %
consonants followed by vowels /a/ and /i/

Classification of alveolar/post-alveolar 90.50 % 90.22 % 86.11 %

consonants followed by the vowel /u/

Classification of post-alveolar consonants /3/ 96.76 % 94.77 % 93.80 %
and /[/ accompanied by the three vowels

Classification of alveolar consonants /z/, /s/ 94.75 % 93.35 % 93.15%

and /s$/ accompanied by the three vowels

3.5. Discussions

The goal of this study is to develop an algorithm that can identify the Arabic sibilant consonants (/s/,
Is$1, Izl, /3/ and /J/) followed by the three Arabic vowels (/a/, /i/, and /uf) using the normalized energy
distribution of a speech signal in the previously described frequency bands. Our algorithm begins by
identifying the vowel that follows the consonant. The energy in the middle of the vowel as determined by an
acoustic analysis revealed that the three vowels contain a large amount of energy in the B1 band. The fact
that vowels are voiced sounds, that is, sounds generated by the vibrating of the vocal cords, justifies this
behavior. The energy for the vowel /i/ is focused in two bands: the first (100 to 600 Hz) and the third band
(1,800 to 4,600 Hz), with the first band containing the majority of the energy. The value of the first formant
(F1<300 Hz) which is found in the low frequencies, in addition to the energy owing to the vibration of the
vocal cords created by spoken sounds, explains the high energy concentration in the B1 band. The value of
the second formant (F2>2,000Hz), which is found in the high frequencies, is responsible for the quantity of
energy present in the third band. The most anterior and closed vowel in terms of articulation is /i/. As a result,
it has the smallest front cavity and, as a result, a very big rear cavity, resulting in a very high F2 and a very
low F1. Due to the distribution of the formants F1 and F2 (F1> 600 Hz and F2>1000 Hz), the majority of the
energy for the vowel /a/ is placed in the B1 and B2 bands. In articulatory phonetics, /a/ being the least
anterior and most open front vowel, has a rear cavity affiliated with a very high F1, exhibiting intermediate
lowering and advancement of the tongue. Because the first two formants F1 and F2 are concentrated in the
low frequencies (F1>100 Hz and F2 1,000 Hz), the energy of the vowel /u/, which is the most closed,
posterior, and rounded, is concentrated in the first band B1 [32], [33].

Once the vowel has been identified, the second phase of our algorithm consists of recognizing the
consonant. Figure 5 depicts the energy distribution of the two types of sibilant consonants: alveolar and post-
alveolar consonants. We discovered that when post-alveolar consonants are followed by the vowels /a/ and
/il, the majority of their energy is concentrated in the fourth band (3,000 to 5,000 Hz), whereas alveolar
consonants have a substantial energy share in the fifth band (5,000 to 8,000 Hz). The point of constriction of
the vocal tract justifies this energy distribution from an articulatory standpoint. Between the tip of the tongue
and the alveoli, the alveolar sibilants (/s/, /s¢/, and /z/) are articulated. The alveolar consonants offer a
maximum of energy in the high frequencies due to the pressure of expelled air at the level of this constriction.
Between the lamina and the rear of the alveoli, the post-alveolar sibilants (/3/ and /J/) are articulated. The
energy has been decreased towards the band (3,000-5,000 Hz) at this point of articulation. We discovered
that when consonants are followed by the vowel /u/, the consonant’s energy migrates to the lower frequency
ranges (1,600 to 3,000 Hz). This is due to the influence of the vowel /u/ coarticulation on the consonant it
precedes. The sound consonants (/3/ and /z/) differ from the deaf consonants (/s/, /s¢ and /[/) in that they have
more overall energy in the low frequencies. As previously stated, the sound consonants are created by a
vibration of the vocal cords, which explains this behavior [34], [35].

4. CONCLUSION

The Arabic sibilant fricative consonants (/s, %, z, 3 and J/), followed by the three vowels (/a/, /i/, and
ul), were classified in this work. The suggested method’s key characteristic is the use of normalized energy
as an acoustic index in frequency ranges. Our findings indicate that the energy contained in the speech signal
is a critical element in sound characterization. The rate of proper categorization surpasses 90%. The
characterization of non-sibilant consonants will be the focus of future research.
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