CHAPTER 4

AUDIO FEATURE EXTRACTION FOR QMR %\
4.1 Introduction i

This chapter presents an automatic domain-indepe ethod, to detect

relevant features from QMR audio files, associating the cep‘s modelled in a

background ontology. The key to AFE is choosing a se fe uwa‘llosg_the

computation of mathematical spaces for sounds a antics. Ag de revious

chapter, AFE is used to extract features for mel pe% ng o’f{‘ﬁ\j[R in the

development of proposed MPS system. | Wtion?"hree ethod%r AFE will be
a2

presented followed with an existing a g sp@l descriptors and

~
similarity measures analysis in e% and a\xt e/features of QMR audio
0 S
1S n

signals. The aim of both me\ tify é‘un@' properties based on the

to 1

significant features contain?ﬁe sellcted R audiowsignals. This chapters provide
, ( : :

the low-level spectral % for se?) d ase 2‘/ ectral extraction and analysis for

similarity measure on thl: uh spectralidescriptors. The first section discussed

on the spectral Q{ip ors apph the @0 files and later section is focused on the
(Q d
i s fo

ilagity meas r ea@/maqamat and discussed the performance for
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4.2 Audio Feature Extraction

Audio features extraction is considered as commonly used meth% ong

researchers in speech recognition. The process of feature extraction iﬁ reqaed for

classification, prediction and recommendation algorithms. The bagsic_idea of audio

extraction is when an input audio is windowed and framed prior perfo g appropriate

t\wmques have been

e ral@ors as the
low-level parameters and Mel-Frequency Cepstral Ceefficient with fr cy (Qping
Cy

and suitable analysis as shown in Figure 4.1. In this stud

proposed to perform the extraction process, which ar

as enhanced technique. Both techniques will be“ptesented and /dis ssec! ifl the next

z R

section. \ Y.
> : 9 &

4.2.1 Pre-pr d data \ é

2. e-processe \T

| - D " N |
The QMR audio was ca ith ffudio met@.e. no background noise.
~N ; &
ned a

However, the unvoiced region th eeTl @rimmed using an open source

software for audio edifin gcalled

’

7y

ave adlA@ Editor by NCH Software as in
:

ined with sampling rate of 44100Hz as the

Figure 4.2. The auwa ltyl'

highest standar({'% audi
¢
A

Windowin ‘ Feature ' Audio output
. extraction analysis oy P

Y 4

audio input

Figure 4.1 Basic Audio Feature Extraction

-
S
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) RPE WavePad Audio Editor by NCH Software

Home Edit
S e
New Open

c114S-region-3.wav

Start: 0:00:05.970 Sel Length: 0:00:00.659
End: 0:00:06.629 File Length: 0:00:15.777 0:00:06.629

Sample Rate: 44100

4.2.2 Spectral Descriptors

\ b,
The Spectral Centroid is ve idely use iiq Sig@rocessing to reveal the
&/

peculiar characteristics of a sp%n. Itd tes \{bhre the “center of mass” of the

audio signal spectrum i oca% at. It can be i tqrp@ as having a direct relation with
s ’ o :

Specttal¥Centroid is basically the weighted

components a@ed b

further u %che'g olute v lue@nagnimde as the weights. Spectral spread is the
' 4

standa& deviation around the ei)g;{tral centroid. The spectral spread represents the

the brightness of theg speech si T
average of the @cy @ts pr@ in the audio signal. The frequency
0 O
%tmg th(e‘ﬁourier Transform and these components are

"] Mneous bandwidth" of the spectrum. It is used as an indication of the dominance

tone. For example, the spread increases as the tones diverge and decreases as the
0165 converge. The spectral rolloff point has been used to distinguish between voiced
and unvoiced speech, speech/music discrimination, music genre classification, acoustic
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scene recognition, and music mood classification. The features use MATLAB
command as below:
centroid = spectralCentroid(speech,fs);

spread = spectralSpread(speech,fs); A

rolloff = spectralRolloffPoint(speech,fs);

4.2.3 Cepstral extraction with CCA z '

The objective of CCA is to separate the speechyinto i Md system
"X

nd/or Syst .4s _e\ﬁa’ain in

sy. tefh one@ed to be

iacob@et al., 2010).

he <'flplied source and

components without any a priori knowledge about so

section 2.3.2, the multiplication of the excitati

Q@bination of the two
N
v,

components in the cepstral dou% result of wili&e used for comparison and
performance evaluation. \ ‘é\A
{ 'S
4 f &

424 MFCC withW-DFT \|§ %(J

MFCC w e well- il mee{j&/ for recognition. As explained in section

¢

233, the ai (@o mifni

ic
N

coefficights,arérdeperd Prbard%wrgies from mel-frequency spacing. According

tos om HMM model, tl@ﬁal step is to windowed using is Hamming window

in&apping steps. In these experiments, each window is set to frame duration,
G Sms with overlapping time steps for frame shift, Ts = 10ms so this gives a total of
00 windows. The window width and overlap can be defined to optimize the
visualizations. For each window, the log power spectrum is computed using a discrete
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Fourier transform (DFT). According to Reynold, the log spectral coefficients are
perceptually weighted by a non-linear map of the frequency scale which known VEH—
scale. This is to emphasizes the mid-frequency bands that propoﬂior@their
perceptual importance. The process is further transforming the Mel-w spectrum
to coefficients value. Only the first 12 order of coefficients are selectWe remaining
higher order are discarded. This will transform the log enerﬁw 3- dimensional

This framework is based on Dan Ellis' rasta outi SWOOS). The
@

emphasis is placed on closely matching MFCCs p@by HTK (Y. det_{f}ZO%)
: 1011% cos@f~ reduced

flexibility. This routine is meant to be eas extend, de a starti@‘o.int for work

feature vectors (12 MFCCs plus energy) at a 100 Hz rate.

with simplicity and compactness as main co

with cepstral coefficients in MAT& FCC retu me@%quency cepstral

coefficients computed from speech%l glven\ec$)r @sampled at FS (Hz).

N\
The speech signal is first reem% using a fir mder(o filter with pre-emphasis
coefficient ALPHA. The p%asizr eech sig ﬁ subjected to the short-time
Fourier transform analsismwith frame!durafion’ @b}, frame shifts (ms) and analysis
4 $ &
window functiorﬁas a\llﬁm han%.ih WINDOW. This is followed by
magnitude specw: putati owed(?g&'llterbank design with M triangular filters
¢
uniformly s %ﬂ the/mel s le{etu:% lower and upper frequency limits given in

NN
R (Hz). 1 rbanfisﬁg)?d to the magnitude spectrum values to produce filterbank
ene& BEs) (M per frame{%o'g-compressed FBEs are then decorrelated using the

etecosine transform to produce cepstral coefficients. Final step applies sinusoidal

1
& to produce liftered MFCCs that closely match those produced by HTK. Figure 4.3
0

ws the MATLAB command lines for HTK routines.
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%% PRELIMINARIES

% Ensure correct number of inputs
if( nargin~= 10 ), help mfcc; return; end;

% Explode samples to the range of 16 bit shorts
if( max(abs(speech))<=1 ), speech = speech x 2~15; end;

Nw = round( 1E-3%Twxfs ); % frame duration (samples)
Ns = round( 1E-3%Tsxfs ); % frame shift (samples)
nfft = 2”nextpow2( Nw ); % length of FFT analysis

K = nfft/2+1; % length of the unique FFT

%% FEATURE EXTRACTION

% Preemphasis filtering (see Eq. (5.1) on p.73 of [1])
speech = filter( [1 -alphal, 1, speech); % fvtool( [1 -alphal,l);

% Framing and windowing (frames as columns)
frames = vec2frames( speech, Nw, Ns, 'cols', window, false );

% Magnitude spectrum computation (as column vectors)
MAG = abs( fft(frames,nfft,1) );

% Triangular filterbank with uniformly spaced filters on melscale
H = trifbank( M, K, R, fs, hz2mel, mel2hz ); % size of H is M x K

% Filterbank application to unique part of the magnitude spectrum
FBE = H * MAG(1:K,:); % FBE( FBE<1.0 ) = 1.0; % apply mel floor

% DCT matrix computation
DCT = dctm( N,M );

% Conversion of logFBEs to cepstral coefficients through DCT
CC = DCT * log( FBE );

% Cepstral lifter computation|
lifter = ceplifter( N, L );

% Cepstral liftering gives liftered cepstral coefficients
CC = diag( lifter ) x CC;

% Hertz to mel warping function

hz2mel = @( hz )( 1127xlog(1+hz/700) );

% mel to Hertz warping function

mel2hz = @( mel )( 700xexp(mel/1127)-700);

. — ~
\Figure 4.3 Screenshot of MATLAB command lines for HTK routines
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MFCC also returns FBEs and windowed frames with feature vectors and frames
as columns. For inputs S is the input speech signal (as vector), FS is the sw
frequency (Hz), TW is the analysis frame duration (ms), TS is the analysi%n\ shift
(ms), ALPHA is the preemphasis coefficient, WINDOW is a analysis function

handle, R is the frequency range (Hz) for filterbank analysis, M 1§the number of

filterbank channels, N is the number of cepstral coeffici Mluding the Oth
Cr

coefficient), L is the liftering parameter. As for Outputs, C X 'f mel frequency

cepstral coefficients, (MFCCs) with feature vectors as mns meatrix of
@

filterbank energies with feature vectors as columns ESisam c‘f @owed

frames (one frame per column). 4 \/‘T

cogni@ssignals. The
vocal tract frequency response is relatl\%ot h, where e s@ of voiced speech

MFCC are popular features extra

can be modelled as an 1mpulse tra1 result, t $1 -S'n be estimated by the
\

spectral envelope of a speech he m0t1V ng 1 @f mel frequency cepstral

coefficients is to compress rm ct (smoothed spectrum) into

a small number of co% ase n a un‘d ng of the cochlea. The basic

steps are outlined édlagralr ninE e 4 4 in HMM model. The triangular
i Hu

filterbank equ

a t al 2001). They require no energy
andwi t (a‘d 2{‘7 are nearly equal by construction. Results of

d1ff Quranic magamat using CCA, MFCC and

con@al MFCC with W- are compared and evaluated in the next section.

&1 5 shows the overall process of enhanced MFCC by applying W-DFT in

Gisbank energies.
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Figure 4.4 Feature extraction of MFCE.i M Q S, ZQ’Y).
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Figure 4.5 Flowchart of MFCC with W-DFT
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4.3 Result & Discussions

In this section, results of the audio signals based on different Qurani@t

using Spectral Descriptors and MFCC method with W-DFT are mpa}d and
evaluated. For MFCC, a set of 26 uniformly spaced filterbanks haye been extracted

within a dynamic range of 300-3700 Hz. All the simulation workghas been done using

MATLAB. This framework is based on Dan Ellis' RAST Wage. RASTA is a

separate technique that applies a band-pass filter to t gyiin e@r?.\ency sub
band in order to smooth over short-term noise Vari!'ons and torem ny' C{Want

offset resulting from static spectral coloration in speech channel!The eﬁ}phasis is

i W city an@'mpactness
e \ﬁ: for Spectral

a
IQMR audio files as

placed on closely matching MFCCs produced b}w
as main considerations, but at a cost of@m fl

Descriptors a straightforward MATLA]&ctio is si

S5

4.3.1 Spectral Desc% J ( 0.
4 f &
Here is e@)f caiture\)s i &

&

Magamat Ba NSur h él- asjas &l)@n in Figure 4.6. Then these three features
4

ntroid, spread and roll-off point for

are plotted@' ame fim&domain.fo.find the correlation between the SDs. Figure

4.7 sh pectra{ sighialénd $rum of SDs in the same time domain. Observed
>

N
ing peaks of certé‘f;?ime event which highlighted in red. This shows that

th\
%re certain unique audio features correlate to each other. Next steps is to calculate

0 peak-magnitude-to-RMS ratio, mean and standard deviation and the overall

performance will be presented in the next section.
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(7.

Figure 4.6 Example of plotted graph fot
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Figure 4.7 Example of plotted graph for the three SD in same time-domain
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4.3.2 CCA, MFCC and W-DFT

In audio feature analysis, the cepstral coefficients of the maqan% ech
signal are used as parameters to extract significant features of the madamat _gontent.
Typically, in cepstral analysis, the signals are divided into frames and extract features
from each frame. The overall performance for the three method% n in Fig. 4.8.
Based on the signal pattern it can be observed that the formant Wcies using MFCC
iciént elhod. t may be
Iter aMQ@m.
CCA does not contain any filterbanks that ma e powi'r gnal less g‘ﬁ?ﬁcant.

M N nm@ of filters

t stages will be reduced.

algorithm are higher than the ones using the cepstra

caused by the robustness of MFCC features in haviag the

Furthermore, higher accuracy of MFCC can b tain

used. Therefore, the computational compl%whe

o X\%
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i 4.8 Sample of the overall performance for spectral envelope (formants)
eXtgacted using cepstral analysis (bottom graph), conventional MFCC (middle graph),

0 W-DFT (upper graph) for Magamat Bayyati.
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After applying warping function on MFCC it can be observed that W-DFT
method outperformed the other two methods by removing most of harmonic pew
contained more significant features, which is different from spectrun%&nu be
observed that the smooth curve connecting the formants is the cepstral ﬁ&)e and the
task of extracting MFCC coefficients from spectral details is to separate the envelope.
The formants of a voice signal show the unique properties o M that makes the
profiles for each maqamat. In other words, Quranic maq k::tifcation uses the
concept of profiling the formant descriptions which a trac dWe cepstral

ced MFC et'no&‘m\;‘h'w-

iﬁ% S and\c;gfﬁcient.

i e pattern si@hties between
each surahs’ signals can be obtained a&te}ed for eac qar@gl‘ hese similarities

are extracted based on matched fr%cies w

standard profiling matrix for tn% maqgmat tures(§)
\ A

F-

envelope. For spectral analysis, this deduce that the

DFT appears promising and effectively give b

BEE]
H

VL) I W )

e

-

igure 4.9 Example of frequency spectrum for 3 surahs using W-DFT for magamat
(a)Bayyati, (b)Hijaz, (c)Jiharkah and (d)Soba
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4.3.3 Spectral envelope of W-DFT

The spectral envelope conveys sound quality and the time enve S
responsible for speech intelligibility (Mikio, 2020). It is the envelope %\f the
amplitude spectrum which describes one point in time or in this case* window.
Having too many peaks in WDFT audio features, a smoothly varying Rr’ate the highs-
lows of WDFT features by taking the envelope function to co&:t- ximum value of

In this experiment, at least 10ms is considered b en e chw high and
L ]

w will det i‘e(_iér}mean

.% ithm wqggimulated

111T16 ationg 250ms, for
4 Théi'al time frame for

both signals is remained 30s as ch% is orﬁst%m he\n mber of frames and
signal patterns. Based on the ﬁ%sew@d thatrthe pig‘:} was even smoother and
significant for shorter time mura M § recognize the signal pattern
significantly for each r@he l}aie;lj gl%:&qamat features and theme.

's

N

W envHigh ™ envLow envMean = WDFT

highs and lows detected over the time frames.

extreme low. The mean value extracted from the hi

spectral envelope as shown in example in Fi

with initial frame duration, Tw = 25ms an

comparison, as shown in Figure 4.11 4.12, respecti

s

Figure 4.10 Spectral envelope of WDFT with high-low and extracted mean value
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erallf) pu}o 1s shown in Figure 4.13 for filterbank energy,

meaﬁ% envelope and 1 spectrurn It clearly shows that the mel frequency

Value of each frame. These images graphically depict the similarity between

0 time regions in an audio file which is represented as a square. Here the dark region

dicates the formats or peaks in the spectrum, in this region high amplitude is occurs.

Meanwhile, the overall pattern of W-DFT features for each magamat are shown in
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Figure 4.14. However, these patterns only represent speech signals for designated gari.

Each magamat pattern defined certain acoustic elements that will be classifi

analysed in next chapter. A%\
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Figure 4.14 The overall W-DFT features for each maqamat
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4.4 Summary

Audio feature extraction technique identify strong features that characte?ﬂe
complex nature of audio signals especially in melodious speech analysis b% itch
detection. This chapter focused on feature construction and selecti acoustic
profiles. Mel Frequency Cepstral Coefficient (MFCC) technique hmn used and
optimised to extract acoustic features in the complex speech si Me seven selected
Quranic maqamat recitations. An alternative of Mel Xc-y 'warped feature
representations using a DFT direct warping function is ented. Mcomputed

slightly ‘og@vi;nal

e K&li i esul@' produce
Y.

method. It show@hat the MFCC
with W-DFT technique able to cap&;aextract t gni@ features of the

Q@pstral coefficient and
0 N
MFCC. Three features of Spe criptors i.e ec entroid, Spectral Spread

and Spectral Roll-off Poin }W-IT
overall output of bot%:ues 1;1 be ﬁha@d and will be used for speech

recognition proceKthe nex] \cx aseg/ihe power signal extracted from the
formant frequerw) he s ?tails é?j&%ach maqgamat. The acoustic features can
s ¢
a

magam: Jettilz tion based on formant frequency.
N

be derived fﬁ
:

through directly warped spectrum showed improv

MFCCs. Overall, alternative warping variants s

better acoustic features with the proposed
complex speech signal as compare nventio\mé%o

1onal acoustic features. The

be
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