CHAPTER 2

AUDIO FEATURE EXTRACTION IN SPEECH PROFILING F(Y.

QURANIC SEMANTIC AUDIO %\

Speech recognition has been widely studied for v zpe of languages, not

2.1. Introduction

only for English, but also for other languages includ e Ar i&e\civ)ns of the

Holy Al-Quran. It is known that the recitation of uran is quiteldi ferQﬁ;K;om

normal Arabic readings in terms of pronunciations ‘and meghings. oweV@' without

NV

mls@;tanding or
Quéﬂ especially when

knowledge and proper learning of the Ara 1

misinterpretation may occur when o %nd stu,

the understanding is to derive from’the conte e ax\verses (Ramli et al.,
2018). Recent study show th temﬁt to pre @the Quran using only
linguistic meaning may lead to 1s1nt tlng due to the high level of

Arabic language of ee Qur’an which n|51 swof language properties, sound
forms, r

symbolism, l1ngulst d play; 1tony, and metaphors that exceed the

standard Arabic I\@ge( at 013)(50
This % s with @n overview, past and present work of speech

proﬁlm% it pEo ideg’ a “bri ntroduction of Quranic magamat and sound

.

elementithatrelates to this Wornglater section described the basic concept of audio

fi extraction and its apphcatlon for complex spectrum. Then followed by

iques used in audio feature extraction in profiling the Quranic audio signal and
d

s with overview of semantic audio analysis for Quranic search.



2.2.  Quranic Magamat Recitation (QMR)

The Qur’an contains much scientific knowledge that ranges fro C
arithmetic to the most complicated terms. On the other hand, QMR r@ the
emotions narrated by the reciters during reciting the Holy Quran. &tion will

elaborate the background, types and acoustic elements contained in QMR.

Reading or reciting the Qur’an is fundamental to all'"Mus m.s\cgc th?holy
LS

content contains comprehensive guidance to h ily routine sliths” in all

4

2.2.1. Overview of Quranic Magamat

aspects of life. Therefore, the Muslims is urgegto recit

Yv
cert@%nelody to

ting them. In the study

beautify the voice in order to feel certaitcws du.r}lg <§

of magamat, learning the Quranic rem is beautif the ch in reciting the
\ _\

e

Quran. It is originated from the %]u &yc a which imposed from
o 2

improvising the patterns, pitc& devw%of a ﬁal art of Arabian culture.

In recent study by Albakri ) Shfvvs t a a.@\ms a center in Arabic Islamic
(S

musical culture. Some @al and id‘rﬁgences have been quoted, which are

to prove the plac@maqa‘ms jthe m(;lun%of Islam and more specifically in the
Ny

performance Noly % 1ch Iés.nmgful accents have been pointed out over
r

4
midg/art of the Holy Quran. (Albakri, 2020). Like

the tajweed ahd tartil in the Pe
these welodie{,t vefses e Quran vary widely in term of topics and event

N
to A different feelings Y’g:?he listener. Maqamat, plural from maqgam, a set of

oi.

having characteristic of melodious elements, with a traditional pattern of their



2.2.2. Types of Magamat

As previously mentioned, approximately 50 magamat exist, only am

most widely used are the Magamat of Bayyati, Hijaz Rast, Jiharkah, Nah@oba,

and Sikah. The magam names originated from many Arabic and *h names,
which mostly comes from throughout the Middle East in the foWe period of
Persian culture musical system (Nettl, 2007). Next section prqyides details description

of each maqamat and its features and Table 2.1 summari 'iption based on

features and suitable theme. .\d
"X
1. Magam Bayyati é ' _\"}
i aqm&%~ uranic

Magam Bayyati is the prime maqanv .
The function of this magam se ing and clo@f the rhythm
in the Quranic recitation. iarsm curre the@is as well as the

qariahs has popularlse tarranu

placed the Maqam%y ti as th top am which acted as a
stimulation dur? I erfi ce (M.Zaini et al. 2018).
According % uhsi lim eloﬁa’l of the word Bayyati came from

sin
1 mear% ouse”, subsequently used in a form

the Ara i\ord (uf)

the 1 P&l va () was added, which then form the

afBaQ:? Dan Timu Al-Quran,1987).

E\ Quranic rhythm. This is due to the fact that it has been used at the
o beginning and the end of each Quranic recitation. In addition, there are
other theories which claimed that the word Bayyati itself sufficed from one

of the place or area in Iraq. The letter ya ilah was added to localize within
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the area. This belief came from Mohd Ali b. Abu Bakar, which sourced

from Dr. Sayid Agil Hussain al- Munawwar’s theory, an expert in c
rhythm from Indonesian (A.Bakar,1997). However, both theori ed to
the origins of Bayyati cannot be officially recognized as ac nd valid.

This is due to that the word is used as part of daily coRersation of the
locals in Malay Archipelago, not among Arabic, EMity (M.Zaini,

Bayyati has a wider scope in dividing and providing rheani content of

X
the Quranic recitation. This is because t ayyatifhas_t e*le ‘@‘odies
i i as Q@;@ Nawa,

style of reciting from four level OT thS\
Jawab and Jawab al-Jawab. B% at, Bayyati, can Yr:lbined with
Tt

2009).

other melodies for tone si rityin orde

@%aﬁon in Bayyati

which is: Syuri, Husainqam an unir, 2005). In general,
0 \

Bayyati has a uniq , scarcely

pitch. Sometim% thr, n i ‘héQ%ow and normal is used. By
combining % tones, this ma‘qcﬁb’s very flexible, easy acceptable

T

and cov Wmuclr erscope gkﬂaafar, 1998).
'éﬁn

o

¢ (?
d Hijaz i fe&in@ the one of the states in Arabic Territory.
%k

ble low tone with a sharp

N
Ver, r sp&ﬁc and detailed information regarding the

Aresponsible person@ has provided the sources as well as the link of the
%\ name based on that particular place. However, there is a reliable source
o which stated the word magam originated and evolved in Hijaz (Nik, 1998).
Initially, based on the community who lived in the scarce land and desert,

stated that Hijaz was introduced by their gari. Then, this melody was

14



R\
S
S

brought to Egypt and localized in line with the greenery of Nil Valley
(A.Bakar,1997).

The features of Hijaz are light and fast melody while the rhy%\quite
strict, and the recitation is using a loud and clear voice. A ly, it was
changed to a softer and harmonious maqam called Hijaz WAS a result,
the listener will feel more mesmerize with the beautiful melody of the tone.
(M.Zaini, 2009). In addition, Hijaz can be co ‘Y

ithyvarious type of

magamat which has similar in tone. This ead to .a\q@on which
L ]

become part of Hijaz which is Kc@d, Ka d 'ar@akn’z
(M.Munir, 2005). There are severa?w es % at Hl_@: such as
reciting in a slow mode but Verﬁ@ ve, da h@g;thm. It can

be adopted to any voice o cm@%‘id, assertiveness,

7 :
and reminder verse effe%. (M.Zah‘ha‘
Magam Jiharkah % o ] §
Similar to Ras % i

modified b ert i

&
Egypt blendi \m thei Iture. This Magam however was
adap% e qawl
oY

Magam depends O@er the gari recites in slow or fast pace. Jiharkah
only has one variation, namely Kurdi and it can be recited in two intonation
which is tabaqat Nawa or Jawab and Jawab al-Jawab in four rhythm
tones. (M.Munir, 2005). This Magam has its own uniqueness, easy and

fast, effective and suitable for a moderate tabagah. Meanwhile, the roles

15



and functions for this magam is to eliminate the tensions in any reciting,
fluency in recitation, notably for sad and emotion sentences, pro?'!h
accuracy in pronouncing all letters, wordings or sentences as \%\etter
in concentration and self-cautions. (A.Bakar,1997). A

4. Magam Nahawand i

Magam Nahawand is taken from the word Nahawand 3) which refers

to a place in Hamadan, a district in Iran (Persi awz'nd was adopted

ore ow ik Jaafar,

®
1998). Nahawand has five types of rhyth akat and t tﬁe_{n'}aqah,

% can%z'ombined

1, N@ ‘usyaq and

hm st, light soft and

and modified by the Egypt gari’s to make

namely Jawab and Jawab al-Jawab:

with four different types of %

Murakkab (M.Munir, 200 %ahawan
harmonious tone, making_it, more ap\aﬁn?, e@izing and attractive

0 N
t @n’s and gariahs intent to

ment S

) mz@a moderate tabagah change

ne, ;f(i@ore vibration simultaneously as

rhyme. A high tonea ire

adopt this maqa%\:ir rL
from lowes% ighest

d &
well as WVoici- \fml M.Zéﬁij2009). The features in Nahawand is

t10

considered¥as ea and @ﬂing, suitable for a moderate tabaqah.

|
¢
be seyeral e otfon’eja fects as a result from Nahawand which is
N
ore calnii ?lsing'&i awareness, make it more suitable to a happy

Y-v
and sad verse. (A.B@\',l997).



5. Magam Rast

There are several views in regard to the origins of Rast. The fir;

came from Dr. Sayid Agil Husain Munawwar who stated that %\ was
originated from a City called Rast (u+)). Similar to the f magam
Hijaz which eventually widely adopted, the letter 7a (&) is added and
become (<)) (A.Bakar,1997). For the second view whiéh came from Haji
Nik Ja’far b. Nik Ismail (1998), he stated that &i.s urced from the

Persian’s local or language itself whereby it mo ﬁw expert in

@
) | N4
Hijaz and Egypt art song based on thei jah and cult e' I\lév;idays,

Rast is well-known among the gari. ] Kﬁl he \@H. Unlike

in"a, field @Ea.qamat from
Quranic Institution of JakN s opini

stat@QBat the letter Rast
(<)) came from the A%wordﬁ?yﬁ) r
% 0

- -}*'M which leads to the
=)
word Rasydah (335 (Lembaga ahaszg%a Ilmu Al-Quran,1987).
Rast is diVidedg E 0 har@nd two fabagat intonation:
Jawab and % -Jawab. Fu f‘nlnmbRast can be combined with three
types of, wion at which/is Usyaq, Zanjiran and Syabir ‘Ala
Rast@mir,
Cayvad o

'ccortﬁé'/ to Mohd Zaini (2009), the features of

& sem¢ characteristics such as an easy movement,

\

uld as con

ts
Qs) nd efithusi }ic, cam be applied with any fabagah and suitable to be

Yv

Aused in any types@haqamat. Basically, the functions of Rast are to

provide the essence to the overall of magamat and stimulate other maqamat
which can be used in the future. To listeners, Rast can be comforting and
give stimulation to our soul. It also helps the reciters in term of accuracy

and fluency in a pronunciation as well as in pronouncing the letters.
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6. Magam Sikah

7.

a Soba
§. \0
% rding” xpe n Quranic art song, magam Soba is originated

Magam Sikah is a rare member of the Sikah family. Its scale starts \?ﬂ

root Jins Sikah on the tonic, followed by Jins Upper Rast on t@gree

(with its tonic on the 6" degree) then Jins Rast on the 6 d hich is a

secondary ghammaz). Similar to Jiharkah, maqam Sik¥n.eans “guitar

strumming”, which is also originated from Persian, ThisW/agam has been
X-

modified by the experts in the field of Quran rom Hijaz and

Egypt according to their own culture. Maga made [.bpugz‘ed by the
m 7" cen dnn_{k\g'h AD

ed \ ri oﬁ;zah who

wish to adopt this magamat sw S dif?cu per@’t in a perfect
condition. Sikah can prodwa i arc@%nd two types of

tabagah; Jawab and Ja Jaw%av

with four dlfferent song variations s s Asli, Turkiy,Raml and

expert’s reciters around the world beginni

(Nik, 1998). A full concentration i

Iso can be combined

>

Iraqiy (M.Munir,200 A:I) thefeatur 0 thlS magqam is soft, graceful

baﬁ e& gah. Meanwhile the functions of
Sikah is 1ng @gs SO té&.vhore satisfaction to the reciters and
liste , S ble re, S and reliance verse (A.Bakar,1997).

:"')

and harmo able f(

Afrom one of the S ﬁ%r’ areas. This theory is supported by Dr. Sayid Agil

N
N

Husain al- Munawwar. Whereby, Nik Ja’far b. Nik Ismail has claimed the
it is possible that it has sourced from the Egypt melody, in which Soba is
part of the Bayyati known as Soba Mesir (A.Bakar,1997). Soba is divided

into five types of harakat’s intonation and can be combined with three
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types of melody’s variations, among them are ‘Ajami, Mahur or Muhur and
Bastanjar (M.Munir, 2005). This Magam portrayed towards the sadw
which described the desire for resolution and assistance. In@nison
with Bayyati and Hijaz which has a high and low ton€s;™Sgba has a
monotonous, high and fast rhythm. The uniqueness in{¢Soba is in its
harmonious, rhythmic and slow pitch. (Nik, 1998), SomeWof the features in
Soba are soft and fast recitation, a lighter and r tonrs, suitable for a
moderate tabagah. Meanwhile, the role of Sobais to in.)eqdnd release

@

stress, thus a person can be more foc in life a e‘li '\their

mistakes, making it more appropria ion which describe

a self-happiness, sadness and

become more smoothly an%;D
: ¢

il
Y
, 3 : ‘ié Suitable Theme

Magam
U Nt

Bayyati carcely W add Jow tone | Greetings, opening and closing

i h.\\ (_} remarks.
Hijaz ctive, s\ and a hard | Command, assertiveness, and

reminder.
L

Jiharkah &m((li(}) s Awareness, happy and sad.

rate. Awareness, happy and sad.

Nahawa%
A Y
Rast Easy movement,ci@ nd enthusiastic All types.

7
Si Soft, graceful, and harmonious Desire, solace, and reliance
Harmonious, rhythmic, and slow pitch. Self-happiness, sadness and

tranquility




2.2.3. Characteristics and Sound element in QMR

The Quranic magamat, or also named as ‘farannum’, define a set of pat?!f
melody used by the reciters in their recitation adding in a proper arti@ and
rhythm tajweed. For instance, magam Rast is said to evoke pride, powet;Seundness of
mind, and masculinity, Bayyati relates with vitality and joy, Sikah mare towards love,

Saba is sadness and pain and Hijaz as reminder and assertiyeness%xplained distant
1zpa

desert (M. Zaini, 2018). These emotions are said to be ev rt'through change

in the size of an interval during a magam presentatiofy, Somg re s describe
L ]

magam moods using very vague and subjective te gy. Howeyet, 1#16@8 not

X

from different background or culture ( he Arahv\or -Ara deduce the

been any significant research using scientiﬁcw ol% mp%‘gf reciters

relationship between the emotions an seia:ted maqd é

There are several terms use%lescribek(%‘t t,z@frtes of sound — pitch,
N\
tune, and rhythm. For examp%, Witﬁ deeperny V0<i§) tend generally to have
lower-pitched voices than }Thjwjr@mes from varying the pitch.
If the pitch did not va |;then theé whole r!:cﬁb)n would be completely flat and
4 $ &
monotonous. For theypitch pat|t \aN wholé' also known tune. In the context of

Quranic recitatbﬂt is is 'maa&( are — tune patterns — an identifiable
¢

pattern of pi c%ogr sin n’on(tc}(?another. With the magamat, the patterns are

NN
loosely defined and fiot_fi P, and&ere is a lot of improvisation in recitation, but

eless they are still recognizable enough to be categorized as one magam or
“W& \OQé

n
a%x Rhythm refers to the time component of sound, which is the domain of
e

no

G d in terms of Quranic recitation. This is the reason tajweed defines the rhythm
f the Quran. Because tajweed determines the rhythm and is part of the Qur’an, one

cannot apply an external rhythm to their recitation. All of these elements produce

20



certain profiles to the audio signal captured from the recitation of Quranic magamat

and contribute significant finding in acoustics analysis for speech profiling. Y'

2.3.  Audio Feature Extraction (AFE) *

Theoretically, it should be possible to recognize speech ctly from the
digitized waveform. However, because of the large variability of th&'speech signal, it
is better to perform some feature extraction that would cgthat

'Variability. The

audio data provided cannot be utilized by the models di SO hwo convert

W
d Audio E 1‘3 &\ction

them into an understandable format. Thus, a process

(AFE) is used. It is a process that explains m e d% indan un@;tandable
i ion and@g@:nmendation
algorithms. The reason for computinwart-term sp m i t the cochlea of

the human ear performs a quasi-fr%y analy\h? a ]ng in the cochlea takes
N
0

place on a nonlinear frequency. own as t ark e or the mel scale). This

scale is approximately line@ a‘tl Hz @ approximately logarithmic
7

=
o
<
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(¢}
E
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(¢}
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-
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o
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o
=
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7
-
2
[
=-
<)
[oN
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=
o
NN
1)

thereafter. So, in the xtracti Jelj&)mmon to perform a frequency

s ¢
\Npectr%&nputation.

T theejh‘s’siﬁcation of audio features. Scaringella

!
o{onﬁ‘?y dividing audio features used for genre

n\ :
(2006) fouﬁg‘) standar
classiﬁ%

wh Weihsetal (2007) l@éategorized the audio features into another four

S xories, namely short-term features, long-term features, semantic features, and
0

NN
to thit ps b!&d on timbre, rhythm, and pitch information,
4

Q ositional features. This section describes basic feature extraction techniques for
udio as shown in Figure 2.1 that are in use today, or that may be useful in the future,

especially in the speech recognition area.
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speech > _ : R Windowing and
signal Pre-emphasis frame blocking

Figure 2.1: Basic concept of AFE Y'

2.3.1. AFE for Complex Spectrum

The spectrum computation discussed in pre%sectio is kn: w’ as@e real
m

Y
log magnitude spé¢trum, the

spectrum. As the real spectrum is computed fro

N
phase part is ignored. This will not enable the re St"ﬂﬁthit e ce from the

he s
r ervié%e Fourier phase

spectrum. However, the reconstructi c% done
the\reconstruction of the

and use it for reconstruction fro:r%rea S M
sequence from the spectrum, co spébtrum quse@stead of taking inverse

Fourier transform of the log magnitu for~the real spectrum, the Inverse

N
Discrete Fourier Transerm E%FT) ofithe 1 atit@complex spectrum is used for
ect

4 L 4
computing complex& . I \ (30
As the 1 !&1 of @ctra@ues are used, the phase is preserved in
\ !
Gt

the complex ra qlfe whiahj%an be used for reconstructing back the

m utj@pitch and formant parameters from the complex

sequencﬁthoﬁs or s

spectrum remain same as that Y; real spectrum as these parameters are obtained
fi

&

e magnitude of the complex cepstral coefficients. The mathematical relation

Q omputing complex spectrum in Eq. (2.1) as follow:

c.(n) = %ffnlog (s(w)) e’“"dw + j%f_”ns((o) el dw (2.1)
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which also can be expressed as

cc(n) = ¢, (n) + jcj(n) \z.z)

where ¢,.(n) is the real spectrum, and jc;(n) is the imaginary part of tl&plex

spectrum. i

2.3.2. Cepstral Analysis Q\d
®
Py

The objective of cepstral analysis (CA) is t

and system components without any a priori

The resulting of voiced and unvoiced spefw

respective excitation sequence and

€ cS!iside d as the'convolution of

acte@%‘s. Based on the

source filter theory of speech pro%n, Voich aé%mvoiced sounds are
N,
0 v,

produced by exciting the tim em chardcteristics with periodic impulse

sequence and random noi ence, respectively.(Giacobello et al., 2012). The
| ~an

speech sequence S(w) on se'g enc lj‘% vocal tract filter H(w) can be

expressed and rq@ in frrq \domai i Eq. (2.3) as follows:

&

S |27 S

Q’ )"=\ ) * H(w) (2.3)
& 1o

AEq. (2.3) the ma@de spectrum of given speech sequence can be

Fro
@ted as,

.

1S(w)| = [E(w)] * [H(w)] 24)



To linearly combine the E(w) and H(w) in the frequency domain, logarithmic

representation is used. Thus, the logarithmic representation of Eq. (2.4) will be,Y'

\

log|S(w)| = log|E(w)] + log|H(w)] * (2.5)

c(n) = IDFT(log|S(w)|) = IDFT (log|E (w)| + log]| | : (2.6)
As indicated in Eq. (2.5), the magnitude speec is a!msfo ed by log
operation. The log operation converted the multipligation of the spe h'sp ")c{@ﬁ W
into linearly summation of both excitation com nt and vacal fgract Q_}ponent.

IDFT is then used to separate the linearly combingd log \r&of exci aYQU‘n and vocal

tract system components. The IDF

~§2

domain but the IDFT of log spectr tran w frwency domain or the
cepstral domain which is simﬂ% doiph is n@c&matlcally explained in
Eq. (2.6). Figure 2.2 details theyyafious stepSwi lved onverting the given short-
term speech signal togits ¥st~ral d,m ePre atlon The output obtained at
different stages of s ect com Dj‘ @)wed frame considered and x(n) is

the windowed fr 1!) m plled@ hamming window to get x(n). [x(®)|

represent the 0 th?df&ze uence x(n). As the spectrum of the given

frame i 1s c onl onah fo spectral components is plotted. The log|x(w)|

repres log magn ude spe\ng obtained by taking logarithm of the [x(®)|. c¢(n)
ented the computed spe%m for the voiced frame s(n). The obtained spectrum

s vocal tract components which are linearly combined according to Eq.
6) As the spectrum is derived from the log magnitude of the linear spectrum, it is

also symmetrical in the quefrency domain.
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s{n) x(n) x(w) Log|x({w}| c{n)
— windowing » DFT Log|x(w)] > IDFT —

A

> 4
Figure 2.2 Block diagram representing computation of complex spec

2.3.3. Mel-Frequency Cepstral Coefficient (MFCC) i

MFCC is considered amongst the widely used m 10n

due to its design that has been empirically d WI ll'fo.{‘s?)eaker
4'
y re

recognition (Reynold, 1994). The aim is to th se of the

of bank energies.

as1cally ineludes v@lowing the signal,

applying the DFT, taking the lo ag th @rping the frequencies
on a Mel-scale. For final pa % ofﬂyﬂﬁ“, % ollowed by applying the
inverse Discrete Cosine Tr: (IDCT) foribette Ad faster processing due to its
uses only cosine func@nﬁbj 2’[0 osine and sine (in the form of
complex exponen t ls ile I)th rate o nctlon at a finite number of discrete

data points. N ct1 n re t $ 1nv®d in MFCC feature extraction.

2 ")

1. E hasig Fil
main wjgre- as1s filter is to emphasizes the high frequencies

Areglon that has bees(@lpressed during the sound mechanism production of
%\ vocal cord. It is able to amplify the significant formant frequencies that
o have important information in it. The most commonly used pre-emphasis
filter is given by the following transfer function. In digitally speech

waveform there has been occupied with highly range of additive noise.
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2.

oo
2
“
o
s

Here pre-emphasis filter is used is applied to filter the additive noise. This

is done by applying a first-order FIR high-pass filter. Y.
In the time domain, with input x[z] and 0.97 < a < 1.0, the ﬁlir%tion,

y[n] = x[n] — a.x[n — 1] Yv (2.7
and the transfer function of the FIR filter in z—doma%
HZ)=1—-a.z—1, 097 <a<1.0 .'\d (2.8)
®

X

177
where o is the pre-emphasis par er?and cebefliciént a\ly'adjusted
according to time based on autuJZn \ofthe ,@E; signal. The
aim of this stage is to am@amount

The pre-emphasis filterfis_applied o\hs\gpb
¢

windowing. q
S &
Framing and Wi i N

(. .
?mo?)l the underlying spectrum, the

ergy, 'thgh frequencies.

0Q

speech Nneedt thsliced i1“a short duration of time for better
anal@ereﬁ:r ipeec@n%alysis have to be segmented in small

b& called \:gn‘g: \'Q;)segmented signal is separated into several
alyQ~ the entire signal at once. For capturing accurate
segments, the time@'dow needs to be advanced every pre-selected time
frame in millisecond (ms) to tracked the temporal characteristics of
individual speech sounds. Slicing of pre-windowed time frame is usually
sufficient to provide good spectral resolution of these sounds, and enough

to resolve significant temporal characteristics. The overlapping analysis is
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to centralized the input sequence of certain frame for each speech sound.
The commonly used windows in mel analysis is Hanning or Hw
windows. These windows is applied on each frame a Windo@r the
signal towards the frame boundaries. This is performed*&]ance the

harmonics, smooth the edges and to reduce the edge effethiie taking the
DFT on the signal. V
3. Discrete Fourier Transform (DFT) z '

The input to the DFT is a windowed signal .x[ml], Mutput for
"X

each of N discrete frequency bands, is a ¢ x number X[k] fe&sentmg

the magnitude and phase of that coﬁl t 1n\¥' original

AN

signal. Each windowed frame W erte into agmbé?’spectrum by

applying DFT. \ >

-

N— —j27n
= x(n)e ¥ 0<k<N-—1
= 2.9)

where N is the HQ% f p1 used to c‘(g te the DFT.

(
4. Mel- Scale Filterb b g 40
@)

Mel re r n1t rlleasur ment man ears perceiving frequency. Mel-
fil ba is ja gset f" s filter that use to filter the Fourier
ign o calculate the mel-spectrum value. Due to
tatlon:of eafzd’oes not perceive pitch linearly, the mel-spectrum

\'
does not corresponh\to the physical frequency of the tone linearly as well.

§ The mel-scale is approximately a linear frequency spacing below 1kHz,

and a logarithmic spacing above 1kHz. The approximation of mel from

physical frequency can be expressed as



|

< 04} 100N
[ | ‘| [

.\. oat| | [HH ] L]
' ‘ ‘l |

fner = 2595 log (1 +555) (2.10)

The mel-filterbanks can be implemented in both time em :and
frequency domain. In order to mimic the human ears perq%, arping
the axis according to the non-linear function by applying en function
in Eq. (2.10). The triangular filter banks with mel fchy warping are
displayed in Figure 2.3. The logarithm value i§iebtained bi converting the
values of DFT multiplication into an addi ne. Mgl Wnk values
®
are reduced by replacing each value its natural log. rorcl%&c,

computing mel-filterbanks are comm: implemented inQﬁ'equency

domain. The center frequencies %;ter%air\l'nally e gl-y spaced on
the frequency axis. The m\%.\m of the.m ningcpectrum X(k) is

computed by multiplying the magﬁ' N%ct n{by each of the of the

Usi a lo@ mic scale makes the

feature estimates lesN1 fations &Amput.
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Figure 2.3. Mel-filter bank
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stm) = ¥ IX(ROP Hp ()], 0<m<M-—1 M)

where M is total number of triangular mel weighting ﬁlters%(k) is the

weight given to the kth energy spectrum bin contribu% he mth output

band and is expressed as
( 0, k< @ '

2(k = f(m = 1) k '\d’
<f(m)—f(m—1)’ f( D <k<f( ' C}Y.
e f < k <gf ( ) S
fm+1) — f(m)’ <ff \T

with m ranging from 0 to % é

5. Discrete Cosine Trans %CTA >\v T §

Since the vocal tra& ooth g; 1&@ in adjacent bands tend to
be correlated. CT i S@ transformed mel frequency
coefﬁcients%es n v‘e@rpl coefficients. Prior to computing
DCT @pectrllm is ually@esented on a log scale. This results in

NS
a signaldn thejcepstra d;lna?é&i‘th a que-frequency peak corresponding to

& 2

l a number of formants representing low que-

@h of fhe
? /e o
uency peaks. 1nc<¥fbst of the signal information is represented by the

\ﬁrst few MFCC coeﬂcients, the system can be made robust by extracting

§ only those coefficients ignoring or truncating higher order DCT

/)

components. Frequency vector is applied with DCT using the equation

below:



M-1

s(m) = Z . log(s(m)) cos (W); n=0,12,.... ,c—1 (2.12)

where c(n) are the cepstral coefficients and c is the number of
Conventional MFCC systems use only 8—13 cepstral coeﬁﬁ%s. The 0t

coefficient is often excluded since it represents the aver: g-energy of

the input signal, which only carries little speakerww information.

tiz froT a given frame,
get t GW ormation

fi
®
about the temporal dynamics of the signa eeds to/comp te'th_e@sTand

Since the cepstral coefficients only contain inft

it commonly referred to as static features.

second derivatives of cepstral coefficiefits. ThéSe_ar kno@" as delta

N\

coefficients, and delta-delta effi ntsw} coeffictents contains

information about speec\%and de ta éfﬂcients provide

information similar togf acceleratio %f\%ee I‘\ARhe commonly used
N e ) S

definition for comp argﬁr?; r IS%

n+

i=—T KiC N
o
4
N é)@

where l@ienotls the jnth fe for the nth time frame, k; is the ith
. . A
weight T fis the 0 "Har é&ccesswe frames used for computation. In
as2.

ﬁi’elta-delta coefficients are computed by taking

first ord de‘vati\'@'of the delta coefficients. Figure 2.4 summarizes

N

the overall process of MFCC feature extraction that have been explained

, T is take

previously in details.
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2.3.4. Frequency warping g
In audio signal processing, frequency Wa\'T a tec@ at aY. ommonly
used for spectral analysis. Its ability to miﬂw uman hearing due@ts function as

&

concepts freq@y warping are by

s

sity. Among well-known

drastically change the local de as well
such warping a filterbank FVMS is re . T@ill be explained more details
in chapter 4. l(?
The warping &m"gn dei’nhw the uency components and frequency
al

ranges are indik appe i: ne(}%ﬂe. There are several ways to create a
o Y o e

¢
frequency e such d . @g them are frequency warping of the Fourier
spectra,QE;'tralfgﬁuizgfl th% equency warped time signal and non-uniform
resA filterbank. Warped\c%équency also defines the allocation of the new
es

r \?tn which ranges in the original representation how they are compressed and

N

omain processing with a nonuniform resolution filterbank made of warped

S

nded. The first method when combined to one operation, is equivalent to spectral

(frequency domain) sine functions. The method is chosen depends on the actual
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practical limitations, e.g., in the implementation of the warping process. Frequency
warping is used as the main enhancement method for MFCC throughout the pw
system. Detailed method on how it will be implied on the frequency Wa tegy

by direct warping of the spectrum, rather than the filterbank will be o&d further

in Chapter 5. Y.
2.3.5. Spectral Descriptors { .'\g
This section provides a set of functions thiat describe the re OKWdIO

| S

known as spectral descriptors (SD). SD defines equatlons sed fto de ine the

spectral features, common usage of each featu g nd p m 6?‘1'0 descrlbes

the spectral descriptors more intuitiv ely%Nw wi
learning applications, and perceptual analy8is. Spectra
to a range of applications, 1nclu% %
1999), music genre classific

and voice activity dete% hei

. Spectr. 1%1‘01(1 \ID
The Kct t ency-weighted sum normalized by the

d in Qa hine and deep

ri& have been applied

io@ recognition (Murthy,

, m <&Jrecognition (Tsang, 2000)

(2.14)

N

QE where f; is the frequency in Hz corresponding to bin £, si is the spectral value

at bin k and b; and b, are the band edges, in bins, to calculate the spectral

centroid. The spectral centroid represents the central energy of the spectrum.
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In audio analysis, it often uses for music or genre classification due to its
function as brightness indicator. The spectral centroid is also commonw

to classify voiced or unvoiced speech. Figure 2.5 shows exampl@ctral

centroid of human speech. Observed the centroid jumps in regi unvoiced

speech. i
a

Amplitude

8000 T T T T T T T

) [ |

L

Centroid (Hz)
-
3
o

3

0 2 4 10 12 14 16
Time {s)
Figure 2.5 of spegc’entroid from human speech.
& é"
2. Sp Mre !
¢ s C,3

spréad 1§ the Tasdard deviation around the spectral centroid

:
s, 2004). Wt s {he séQUnd degree of the spectral centroid as stated below
N
\ orithm: \‘-)
E 202y, Fiem 1y)?
0 m ZJ S (2.15)

by
Zk:bl Sk
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where, f is the frequency in Hz corresponding to bin £, si is the spectral value
at bin k, b; and b; are the band edges, in bins, to calculate the spectral w
and g is the spectral centroid. The spectral spread depicts the "i@eous
bandwidth" of the spectrum. It indicates the domination ﬁ&one. For

example, the spread increases as the tones diverge and decreges as the tones

converge. V
3. Spectral Roll-off Point z '

The spectral roll-off point measures the bandwidth of the ’signal by

X
determining the frequency bin under whic iven perce e'oi\fh'& total
¥

energy exists (Scheirer,1997). Y. \"
&

Shep, skl = @( | C§ (2.16)

\ _\
3 S

The spectral roll-off point eelused qdistignsh between voiced and

: &

unvoiced speech, speeNmsi[“ natioémusic genre classification,

acoustic scene 1€co nzon, and musi o@siﬁcaﬁon.
\-' d
2.4. Automat&wch nition
. e .
Auto speech recgghifion
machin%& as mipr photie Or one to accept vocal input from humans and
ly

intelligSt nterpret them to t
. . . \ . . . . . . .
;NIOHS which makes life easier and very promising. This section will start with

: verview of speech recognition over the decades and the developments throughout

-9

%’A/Q

Y

r. ech Profiling

70

R) is the area of research that allows

B

E
%

aximum degree of accuracy. It has a wide area of

e years in ASR.



2.4.1. An overview of speech recognition

The study of speech recognition has been an area of research for m(wPHh
fifty decades. The aim is to have the ability to capture, understand and@ the
captured information. In Figure 2.6, Santosh classified that a speﬂkcognition
system includes four main stages which are further classified into suRasZm (Santosh,

2010). These basic stages will be used extensively throughout%this research. It

involved analysis, extraction, modelling, and matching.

by far, over the years, to produce an accurate system by many
(Pahwa et al., 2020). Speech recognition software the variou @tural
language processing. For instance, ASR sy ak s ds nat awanguage
processing techniques based on gramm. W am la al., Y.It uses the
context free grammars for representi %{ of that 4%ents a means of

summarization including inde ch extractssthe gliztgﬂ he speech transcriptions

to deal with Information re $ es.
Communlcatlogﬁlt ful

is the most widely at@e fas%ﬁéans of communication for people.

Many paramet af the of t cognition system. These parameters are

be !1 yboards and screens, but speech
dependence pen nc n;s k 1, discrete or continuous word recognition,

dealing with spontaneous o%the %gng ;Q%ltlon of automatic
,.é 2

Vocabu ironnic stlc el language model, and many more. Problems
01sy env1ronment rentiating one word by two different speakers,

in t1b111ty between train and test conditions led to made system without complete

0 nition.
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> —_—  matching
\_ Filtering g :
(’/ Speaker ™
' independent
o
Ly ( PLDA )
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Figure 2.6 Four basic stages of Meco antca, 010)

In this research, an ope % model-t 1 Wch;@h is based on Hidden
o

EV MMM) i§¢ originated and created by

toolkit is gned for speech recognition.

Q@?’in 1989 by Steve Young at the

Markov Models. A Hidden&

Huang’s team in 1990. FOW

Hidden Markov Model*too

Speech Vision & otics Gr
v N : .
Department. E’Nalm g too arel usa%_u) train HMMs using Training utterances

from a sp€eeh corpus) H ecoghition tools are used to transcribe unknown

uttera % to evgl c E{Jstew-performance. A method using Gaussian Mixture
N

Métatistical pattern c@ﬁcation is suggested to reduce computational load.

%odel is a statistical model where the system being modelled based on the

umption on Markov process with unknown parameters. The challenge is to

<t;/%(?ambridge University Engineering

determine the hidden parameters, from the observable parameters, based on this

assumption. The extracted model parameters can then be used to perform further
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analysis, for example for pattern recognition applications. Its extension from English

as the standard into foreign languages, in this case of Arabic, its represen?ﬂl

research challenge area. %\

2.4.2. ASR for Quranic Semantic Search q
The research on Arabic ASR has focused on developing recoghition system for
modern standard Arabic. Since 2004, most issues faced i clng' highly accurate

e
ASRs for Arabic are the predominance of non-discretis Xt mater enormous
L ]
| | | | | NS
dialectal variety, and the morphological complexit ein etfal., lb E@ study
uses a morphology-based language model at di st% eec@ognition
retisi Ara@e):t for use in
oé&bic in which the

system for conversational Arabic and the matic di

acoustic model training for ASR. Qufanic bic is the

'r'a\lic text is considered
N

as predominance of non-discre%t magrial i abiéa?lguage. Domain specific
ontologies are created an %ed N @r has leads researchers to
Semantic search. Rec%%.st r

from modular HK%arkovl

2017). According to Hussei

Quran is written. With the similar age nota\(,\%e

dealing Witi:tb‘gua ec eﬁty@he best ASR results on the modern standard
e re

N
Arabic % PO the A!&o University team. To deal with morphological

co in Arabic language\(@é character-level language model was suggested by

( .Xed, 2018).

S
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2.4.3. Ontologies for Semantic Audio Analysis

An ontology describes problem entities, operations, relations and stmc?’h
the context of semantic audio tools, the entities may be sounds or sound o@vhile
relations and structures are described by their organization. Operati@%cribe the
available tools and their context. A discussion on information Wr;gement and

knowledge representation requirements of these tools can be CM by a model for

building semantic audio tools. Utilising the design princi alset of ontologies has

. The M‘ont‘%'logy

ion manag nl fr \work

for semantic audio tools outlined in the next SYBL t d\& 0 sa@' some of
llgctio tion @' production,

mag heterogeneous

been developed for describing the process of audio reco

detailed in this section is closely related to the info

its requirements, for instance, the need fofaco n%info

and uses the technologies deemed to os:)ppropriate

information in an open ended way. ropose % Loiv\sfor describing QMR
N
production in more detail t%t wgs possible % g previously published

ontologies.
Z 'S
4 ¢ &
2.4.4. Ontology %nprh@ %(J
In this Ktio summari he f@fes which make the proposed ontology

¢ ' CO
more suita or) QMR audi f{esdor instance, there are many audio feature

NN
ontolog% in mil Fd (AMik et al., 2016). All of these audio ontologies are

bas music arrangement {%’ér than dealing with acoustic features contained in
?%e y domain. These are the design principles and their advantages as follows:
0 1. Time frame and temporal entities can be used to localise events.
2. The proposed ontology is published as a modular ontology library whose

components may be reused or extended outside of its framework.
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3. Ease of use. The proposed ontology provides only the terms required for

descriptive knowledge representation without more foundational e1

4. Adaptation to existing and future applications in industry and a@m

The models provide the basis for content annotation ? well as the
decomposition of events in complex workflows. While elements of'these models can
also be found in other ontologies, they are not present al K

in 'a single unified

framework. Thus, the design of proposed ontology w 1l this g £0V1des a

model to describe the production workflow from @sulon elb/, _&%ding
QMR recording, provided with very basic ¢ to % etail._In the next
following section will provide an overv1$lits1ed relev&dio feature

extraction techniques related to theéy semantical analySis @’(knowledge base

construction. % \Y &
% o Q‘:}
2.5. Semantic Audio A SA ow%@base construction
Since 1962, 1s re arde als study of meaning of human
o‘ f &
expression throu Kjuage , 19 whereas computer science studies
regard semanti rese on issue (Guarino and Giaretta, 1995).
Semantic a pres nt 0 d‘:)r G‘:?ure that is meaningful or contained some
1nf0rm 0 ted O tlon'G? the audio. The motivation of this work is to
des tware systems that e@e to support well-structured information for audio

and can facilitate data collection, and audio engineering knowledge base of

: a
G for future used.



Many applications that have been developed using semantic information to
support the user in identifying, organizing, and exploring and manipulatin%&b

signals. Speech recognition is an important SAA application. It inclu@\lage

identification, speaker identification or gender identification. SA lves the

process of understand the audio information and incorporate machine\learning, digital

signal processing, speech processing, source separation, perccqtual dels of hearing,

and ontologies.

2.5.1. Utilities and applications ¢ ' _{')
The concept of semantic audio is i in thi sucly that the
con%gl:l order for

ic e nts are represent

technologies involved should enable thew is

meaningful associations between the @nd the ac
and manageable associations in %tal com\fex.

semantic audio applications %
S

the’ ability to %yse the association of these

information of audio elemﬁi
concepts with a repre% of tl}e reco }n‘g.@racting information from audio

recordings is requi for buil \semantg.u’dio applications. It is important to
", - :

ions hcéfudio features, and the relationships of

@ucial components of

~—9

=)
of r@e enting and structuring

review the basig, c rica
]\ ¢ ' Co
these featur e physical, elgepee}tl and audio domains. According to Olson’s
N\
taxonor&d'io i ‘ns (O@, 1952) provides an insightful parallel view on

how&qualities of sound & audio are interpreted in various disciplines, and
p x a basic terminology related to the concepts of physical and psychological
ualities. Following this line of thought enables us to resolve ambiguities that often

ppear in relation to acoustical, perceptual and audio quantities.
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In Table 2.2 illustrates physical quantities used to describe elementary sounds
and the most related perceptual and audio concepts. It is crucial to see that if th c
physical quantities and concepts become more complex, and it becomes v\@lcult
to establish the correspondence between categories. A sound may sified by
growth and decay, or the attack and release times related to timbre, Harmonicity and

inharmonicity, regular or irregular spacing of frequency components, frequency and
n; to

amplitude modulation. Obtaining audio features corres ';imple physical
quantities, such as the fundamental frequency of oun Mestion of
| &

e{ cou@;lements

gC
ex p ing, such as
pro@&ng. All of these

p’g:s\de directly measured
0N

\%g ne‘e\:ds fort dzz@ of ontologies and some
basic pre-cautions that sh. %ddrl 1n desi@ the ontologies. information

> &
i ? of eé%ntary audio sounds (Olson, 1952)

(@2

5 7
erce@ Quality Musical Category
L -
Perc’é%?ed pitch Musical note
X~
~&%’ceived loudness Dynamics

Perceived duration Beat and tempo

10m(ti
form (or complex spectrum) Perceived timbre Tone quality
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2.5.2. Semantic Audio Tool

A system for integrating components that allow the 1mplementat10n?ﬂ
ideas mentioned so far in this work may be modelled as shown in F1g ThlS
model has three analysis layers corresponding to audio feature &rs three
information layers corresponding to ontologies for describing toolsme results of
audio analysis, and three application layers corresponding tQ_too at can be built
using this information and their descriptions. In the follo V)Tlme the role of

the three layers and the components that may be utilise e m de

1. Analysis layers (Audio feature extraction ' _\"}

As mentioned that AFE is the mai ol% thwj}er. This

i pac@hvz next layer.

steps is very crucial which Wou e

Some of the signal prNQ compone req@% for extracting

information from audlo nt are %a -(lkclnd may be adapted.
"?

Basic feature extra i ues st urdls@ speech recognition are

successfully a%\.t or é&@ ple, segmentation audio
ne

ma y re chh\bs past years (Theodorou, 2014,
Aggarwaln2022). Nia 1que SPs techniques applicable to these
prob%& de '(Ag al, 2022). For instance, high and mid-
1 batur extr 10{ e the focus of MIR research. High-level

entatio dio Y@ ordings played by a single instrument and the

Aanalyms of master{%ﬁrdings however were not considered by previous

E research.
o 2. Information layers (Audio Features Ontology)
The audio ontology and its extensions is defined as frames of reference for

describing the domain. It can be used to give a reference point for the
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information management layer considered here. This ontology is also
considered to be useful to represent for instance, an audio elements?'ls
relation to corresponding signals. Its basic components%x for
associating entities with the event occurred time-based @& This is
crucial in representing audio features, and serve as the bmr the Audio
Features Ontology and pre-designed Magamat Ontology in the next
chapter. It also provide the relation between f Y,\:hit]h considered as
important elements for efficient feature “extracti n..\Qdogies for
describing audio analysis algorithms, id includin eﬁ t low-
level digitally components, and on ies"that atlo desq@fng audio
processing tools are equally &: i ilding .i Ygent audio
processing environments. @y there

specific signal models%oerform\\ 1

developed in the fu‘%e need arises. 4 ‘(,/
3. Application lay%actr n Vig@
A well-deﬁ% structute

repres&bns is ti1
onto% eed
E%ge base. T ifo&?ion is very useful to retrieve data, feature
¢

o

0 @ogies describing

ribin@ﬁlicaﬁons include the ability to create a

N
ctiondif. ?1, or& for user interaction. Figure 2.7 and 2.8 shows

the knowledge re@tation model between analysis, information and

E\ application layers (Fazekas, 2012).
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2.6. Summary
Speech recognition has been widely studied for various type of lan%,
including the Quranic recitation which contained acoustics features. The%Xrties
contained uniquely in formants which define as a concentration of ic energy
around a particular frequency that corresponds to a resonance in the Wocal tract. Like
these varied melodies, the verses of the Quran vary widely in Mopics and event
o

to generate different feelings to the listener. These acous res gontained in the

QMR are considered as a complex speech signal that to b er analyse
@

for the purpose of understanding the characteristk%signal 0 eﬁts@
i

This chapter provides a brief overview c% d SG@' element
9
c

that relates to this work. The acoustic feat taine? in Qur@*recitation are

cte analyzed. These
techniques are crucial for underwg the \Pac$ i if.i\of phonological and
- %a S

morphological elements from dio files t eternQQ& any correlation between

acoustics properties and Q \n
Then later section de% i¢ conbept o&)eech recognition, AFE and its

considered as a complex speech sign at Ded to be ¢

application for co X spec‘ @by cepstral analysis in complex
spectrum. For c%ﬂ spec (') typtgjéf' algorithms will be presented in cepstral
analysis m %‘hos ar‘ &p' al “cepstral analysis with warping frequency
functionfand tel-scdl res,iﬁlich also known as MFCC. The section also
outli chniques used in @Y;eature extraction in profiling the Quranic audio

signal.¥Fhe final part briefly explains the semantic analysis and its utilities and tool in
% .

for the development of well-structured database system that support studio
nvironment which facilitate Quranic semantic audio search based on ontological

audio features.
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