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Abstract

In a speech recognition and classification system, the step of determining the
suitable and reliable classifier 1s essential mm order to obtain optimal
classification result, This paper presents Indonesian syllables sound
classification by a C45 decision tree, a naive Bayes classifier, a sequential
minimal optimization (SMO) algorithm, a Random Forest decision tree, and a
multi-layer perceptron (MLP) for classifying twelve classes of syllables. This
research applies five different features set, those are combination features of
discrete wavelet transform (DWT) with statistical denoted as WS, The Renyi
entropy (RE) features, the combination of Autoregressive Power Spectral
Density (AR-PSD) and Statistical denoted as PSDS, the combination of PSDS
and the selected features of RE by using Correlation-based Feature Selection
(CFS) denoted as RPSDS. and the combination of DWT. RE. and AR-PSD
denoted as WRPSDS, The results show that the classifier of MLP has the
highest performance when it is combined with WRPSDS.

Keywords: Multi-layer Perceptron, SMO, Naive Bayes, Random Forest, C4.5,
Feature Extraction,

1. Introduction

Speech signal is the most natural and the fastest method of communication
between humans. Speech recognition technology allows computer to recognize
and comprehend human languages. Research in speech recognition was started in
the 1950s [1]-[4]. In [1], research related to vowel was conducted.

1




2 D. Kristomo et al.

Nomenclatures

ay AR’s Coefficient

accy, Hold out estimated accuracy

C Class

H,(X) Function of generalized entropy

Ms Heuristic “merit” of a feature subset 8

s Average feature-feature inter-correlation
Ter Mean feature-class correlation (f € S)

T Period of sampling, s

Xpp AR model in P order

Greek Symbols

0'12,1; Variance of the drive noise input

[} Scaling function of Wavelet Coefficient
W(x) Wavelet function

Abbreviations

ANN Artificial Neural Network

AR-PSD  Auto-regressive Power Spectral Density
CFS Correlation-Based Feature Selection
C45 Classitication Tree 4.5

DB Daubechies

DWT Discrete Wavelet Transform

FCV Fold Cross Validation

FS§ Feature Set

MLP Multi-layer Perceptron

NB Naive Bayes

PSDS Power Spectral Density Statistical

RE Renyi Entropy

RF Random Forest

RPSDS Renyi Power Spectral Density Statistical
SMO Sequential Minimum Optimization
WPT Wavelet Packet Transform

WRPSDS  Wavelet Renyi Power Spectral Density Statistical
WS Wavelet Statistical

In [2]. the first study for recognizing syllables was conducted. The study tried to
recognize ten distinet syllables from a single talker which was characterized by its
spectral, amplitude, and frequency band. The system still depends on word
spectral measurements mainly during vowel regions.

In the 1980s, classifier system began to be applied to solve several speech
recognition system problems. Several popular methods such as Support Vector
Machines (SVM), Gaussian Mixture Model (GMM), Hidden Markov Model
(HMM), Naive Bayes (NB), Linear Discriminant Analysis (LDA) and Multi-layer
Perceptron (MLP) or Artificial Neural Network (ANN) are commonly applied in
recognizing and classifying speech signal [5]-[16].
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Several studies on speech signal classification and recognition that utilize
various types of classifier such as MLP [5], [10], [14]. [17]-[20], HMM [13], [21]-
[23]. LDA [24]-[26]. GMM [8]. NB [15], and the other classifier have been
conducted [27]. In several previous studies, MLP was used to classify the speech
signal using Mel-Frequency Cepstral Coefficient (MFCC) [19], Linear Prediction
Coefficient (LPC) [10], discrete wavelet transform (DWT) [5]. [14]. [17]. [18]. [20],
and wavelet packet (WP) [20] features. In [5], the MLP was utilized to classify
sound signal of syllables through Autoregressive Power Spectral Density (AR-
PSD), Renyi entropy, and DWT features. In [10], the MLP was used to classify
Indonesian syllables through MFCC and LPC features. The accuracy result was
49% for MFCC and 47% for LPC by using testing dataset. In [14], the MLP was
utilized to classify syllables sound by utilizing the features fusion derived by DWT
and statistics technique with the performance comparison of three wavelet mother
functions namely Daubechies, Haar and Coiflet. The research result shows that
Daubechies as wavelet mother functions is more effective than Coif and Haar. In
[17]. the performance of MLP was compared with LDA for classifying Hindi
phonemes by using DWT features. The research results indicated that MLP
improves the classification performance significantly compared to LDA. In [18], the
MLP was utilized to classify the words by applying DWT features. In [19], three
types of MLP were used to classify Turkish digits. In [20], the PNN was used to
classify Arabic vowel by using combination of WT and LPC features.

This research was conducted in accordance with the previous study [5], [14]. In
this study, we performed a comparison of five different classifiers of Sequential
Minimum Optimization (SMO), NB, RF, C.45, and MLP. Five different Feature Set
(FS) were performed in this study [5]. The first FS was derived by combining the
DWT with statistics (WS) methods. Wavelet mother function used is db2 with 7-
level decomposition. The second FS was derived by the Renyi entropy (RE). The
third FS was derived by combining of AR-PSD with statistics features in the
domain of frequency and time (PSDS). The fourth FS was derived by combining of
AR-PSD with the RE features after selection by utilizing Correlation-based feature
selection method (RPSDS). The fifth FS was derived by combining of WS, RE, and
PSDS (WRPSDS).

2. Research Method
2.1. Preprocessing

Data used in this study were taken from six male students. The speaker aged
between twenty-five and thirty-five years old. All speakers are Indonesian native
speakers. The speakers were asked to do a recording in 1 second by repeating
each syllable utterance for five times using laptop and microphone as the
equipment in an open area. The speech data was sampled at 8 kHz with 16-bits
mono/sample. The database used in this step are Indonesian CV syllables which is
formed by consonants /k, g [ # and vowels /a4, i, u/. Each consonant represents
different place of articulation (POA), in which /& and /g/ is for the velar
articulation and part of the stop consonants [24], [28], while /" and /I/ is for the
alveolar articulation. Since there are 12 syllables for each speaker recorded for 3
times, it means that each speaker recorded 60 syllables, while the whole syllables
data accumulated is 360 utterances.
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The next step after the recording step is segmentation step. In this step, a
rectangular window of the signal is formed. The voice is segmented in order to
obtain the speech database by using audio editing software. From the previous
acoustic study [24], [29], it was suggested that the length for all relevant acoustic
parameters was about 60 ms [24]. So, the duration manually segmented from each
syllable to become consonant-vowel (CV) in this research was about 60 ms,
starting from the initial position (burst) of the associate consonant to the steady
state of the following vowel.

2.2. Feature Extraction Methods

Feature extraction or feature generation 18 a process of taking the characteristics
contained in the signals by translating signal into set parameters called feature
vectors. This process is of paramount importance or the key stage in any audio
signal classification task. Usually, there are two domains in obtaining the feature,
namely time domain and frequency domain. Time domain refers to the variation
of amplitude of the signal in time whereas frequency domain shows how much
signals lie in the frequency ranges. In many case of signal processing research,
transform-based domain (i.e. frequency domain) usually can perform high
information packing properties compared to the original input signal (i.e. time
domain). However, feature extraction is a problem-dependent task, which is the
combination of the ‘designer’s imagination” can benefit the extraction of
informative and discriminative features [30].

The FS we applied in this study was designed to discriminate twelve classes of
Indonesian CV syllables. In this study, five different feature set was performed.
The FS1 is the combination of features derived by DWT with statistical technique
which is denoted as WS. The wavelet mother function utilized was db2 at the 7th
level of decomposition. The FS2 is the Renyi entropy features (RE). The FS3 is
the fusion of features derived by AR-PSD and statistics in the domain of
frequency and time which is denoted as PSDS. The FS4 is the fusion of features
derived by the RE with AR-PSD features after being selected by using
Correlation-based feature selection method or CFS which is denoted as RPSDS.
The FS5 is the fusion of features derived by WS, RE, and PSDS which is denoted
as WRPSDS.

2.2.1. Wavelet Transformation

The first FS (FS1) 1s a Wavelet Transform (WT) based feature. The WT 1s a
method in which signal is decomposed into several bands through a high-pass
filter and a low-pass filter. In this section, extraction of feature applying DWT at
the 7-level decomposition was performed. In DWT, the decomposition process is
focused only on the lower frequency band, or so-called the approximation [8]. By
performing 7-level decomposition, it produces the highest frequency band of 2-4
kHz and the lowest frequency band of 0-0.03125 kHz. More decomposition level
is not significant to improve classification performance due to a very low
frequency will not have diseriminatory information [17].

In the DWT, the process of selecting the appropriate wavelet mother function
is essential in order to obtain the better classification result. In [24], it was stated
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that Daubechies (db) type of wavelet family was the appropriate wavelet mother
function for speech. The class D-2N db wavelet is given in the following Eq. (1):
IN-1

YOY=VZ ) (D oo 02X = ) M
k=0

Where hO..... h2N-1 € R is the constant filter coefficients satisfving the
condition, and ¢ is the scaling function (Daubechies). The WT results a signal in
the domain of frequency. The wavelet based moving average feature was obtained
by calculating each 20 samples of the signal magnitude until 480 samples of the
signal magnitude [14]. Additionally, the frequency domain signal was calculated
using statistics technique to obtain five additional features.

2.2.2. Renyi Entropy

The FS2 is generated by using Renyi entropy (RE) method. RE is a generalization
of the Shannon entropy, the collision entropy, the min entropy, and the Hartley
entropy. The generalized entropy function for X variable can be formulated using

Eq. (2).

1 =
Ha(X)=1—tI]0g(ZPj) 2)

i=1

Where p; is the probability of X associated with possible outcome, 04, 02...., 0,. In
a certain case of @ = 1, it converges to Shannon entropy [31]-[33]. This method
contributes to a total of 20 features.

2.2.3. Autoregressive Power Spectral Density (AR-PSD)

In this FS (FS3), the AR-PSD which utilizes Yule-Walker AR algorithm was
conducted. The AR model in P order can be formulated in Eq. (3).

Spr(0) = = Tieey Xpp (¢ = 1) + €(0) 3

Where

ay = AR’s Coeflicient
Then, applying 256 point x,(t) with Hamming’s window, estimation of AR-
PSD can be defined through Eq. (4).

_ Toiy
Par(f) = /|1 +YP a,e-2mrkT|2 @

c-1
— —2ZmfmkT
m=1

Where ry is estimation of data series autocorrelation from AR model, T is
sampling period, and o is drive noise variance.

2.2.4. RE, Correlation-based feature selection, and AR-PSD
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In the FS4, we combined RE and AR-PSD which is denoted as RPSDS. The
number of features derived by using RPSDS was nine-teen. It uses the Eq. (2),
Eq. (3), and Eq. (5). To reduce the vector dimension of RE, the CFS method was
conducted [34] [35] by using the formula in Eq. (5).

kre,
fk + k(k — )77, )

Where Ms is the feature subset S heuristic (merit), 77 is the mean feature inter-
correlation, and 7, is the average feature-class correlation (f € 8).

Ms =

2.2.5. WS, RE, and AR-PSD

In the FS5, we combined WS, RE, and AR-PSD which is denoted as WRPSDS.
The number of features derived by using WRPSDS was sixty-two. In order to
generate the feature, it uses the previous equation (Eq. (1) through Eq. (4)). This
feature 1s expected to have advantage over the separate (time or frequency)
domain generated features due to the better tiling of time—frequency plane by
each feature extraction method.

2.3. Classification Methods

2.3.1. Sequential minimal optimization

Sequential minimum optimization (SMO) is an algorithm for solving the
optimization problem of Quadratic Programming (QP) at the Support Vector
Machine (SVM). SMO has the ability for minimizing QP problem and
optimization time. SVM is a machine learning technique based on Structural Risk
Minimization (SRM) principal. The method aims to obtain the best hyperplane
which separates two classes at the input space; Figure | illustrates the finding of
the best hyperplane.

Positive Examples

Maximize distance

® o
Megative Examples
Space of possible input

Fig. 1. Linear Support Vector Machine

1o nearest point

2.3.2. Naive Bayes
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Naive Bayes (NB) is a classification method based on probability, which has an
assumption that each X variable has an independent characteristic. In other words,
NB assumes that an existence of an attribute or feature is not correlated with the
other feature. If X is the data sample with the unknown classes, H is the
hypotheses with X is the data with C class, P(H) is the observed probability
sample data, then P(X|H) is the probability of X sample data, assumed that the
hypotheses of H are valid.

Due to the assumption that feature is not interrelated (conditionally

independent), then P(X|Ci) can be defined through Eq. (6).
Pixicy = [ | Pcxdeo ©
k=1

If P(X|C;) has been defined. then class of X data sample of syllables can be
approached by calculating P(X|C)*P(Ci). Class of C; where P(X|C)*P(Ci)
maximum is class of X sample of syllables.

2.3.3.C45

C4.5 is a decision tree used for classification with the concept of information
cntropy. To obtain a C4.5 pruned tree, decision creation is done by splitting each
data attribute or syllable feature into a smaller subset to check different entropy,
and selecting the syllable feature with the highest gain. Splitting process will be
stopped when instance subset included into the same class of syllable is found,
and leaf node will be made. If there is no leaf node found, C4.5 will create a
higher destination node based on the expected class value of syllable.

2.3.4. Random Forest

Random forest (RF) is an ensemble classifier which is the development of
decision tree with random factors. This method is commonly used as an ensemble
learning approach for regression and classification. An RF consists of a
randomized decision trees set and its prediction output. Generally, there are two
forms injected by RF into its learning process: they were random parameterization
and random sampling. Training parameters were chosen by Random
parameterization during each decision trees training. In the training process, it is
possible to use both or either of these two forms of randomness [36]. Several
function generated by RF used an extension of bagging techniques to overcome
the over fitting problem when is faced with small data sets [37].

RF is formed with the following procedure for minimizing correlations and
bias between individual trees. For a P-element of feature vector, p features are
choosen at each phase of tree structure randomly, 1.e. for each node of any RF tree
[38]. The optimal split on these p attributes is applied to split the syllable data in
the node. Classification of each syllable is conducted by simple voting of all RF
trees.

2.3.5. Multi-layer Perceptron (MLP)
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MLP is commonly used in data pre-processing, classification application, data
mining, and speech recognition. It is a supervised algorithm which defines the
error value calculation by using back propagation algorithm.

The MLP-BP architecture utilized in this study is composed of three layers;
those are one input layer, one hidden layer, and one output layer. The input layer
represents the number of features of each feature generation technique. The
optimal hidden neuron numbers in the hidden layer was selected manually. The
output layer consists of twelve neurons which presents the syllables classification
result. The parameter of leaming rate (1) was set to 0.3; the momentum (g) was
set to 0.2.

Furthermore, data verification was conducted in order to determine the
reliability of the classification result. The verification method used in the test set
was the hold out or k-fold cross validation technique. The hold out estimated
accuracy is shown in Eq. 7.

1
aco =7 Y ODLv).Y,
(Y i)EDR

)]

Where 6(1, j) = 1 if i = j and 0 otherwise [39].

3. Results and Discussion

Based on the research method, there are three main phase in this study. The first
phase is pre-processing which aims to collect the speech data. The second phase
is feature extraction which aims to convert the speech signal into a set of
parameter or feature vector. The third phase is classification by using five
different types of classifier.

3.1. Feature Extraction

Feature extraction phase aims to obtain the unique feature of the signal which
allows the recognition system to discriminate one syllable sound with the other
from different speaker. In this research, the features number generated by
applying WRPSDS, RPSDS, PSDS, RE, and WS were sixty-two, nineteen,
twenty, and twenty-nine, respectively.

After the feature extraction, the next phase is classification using five different
classifiers (SMO, NB, RF, C45, and MLP) to obtain each average classification
score of classifier.

3.2. Classification

In this section, the classification results of each syllable by applying five different
classifiers and feature generation methods are given in Table I through Table V.
As a validation technique approach, the k-fold method was used. In many studies,
the Ten-fold cross validation (Ten-FCV) is often used as standard testing, but in
this study, we also used Fifteen FCV as comparison due to the number class of
data is more than ten classes. The recognition score of each consonant or vowel
context was computed from the two dimensional confusion matrices obtained.
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Table I. Average Classification of Syllables in The Following
Vowel Context

Classification Accuracy in following vowel Average
method context classification
fa/ A w (%)
WES-SMO 56.67 46.67 70.83 58.06
RE-SMO 24.17 20.83 24.17 23.06
PSDS-SMO 46.67 35.83 40.83 41.11
RPSDS-SMO 41.67 45 37.5 41.39
WRPSDS-SMO  63.33 62.5 72.5 66.11
WS-NB 55.83 51.67 67.7 58.33
RE-NB 23.33 2 19.17 20.83
PSDS-NB 45.83 30.83 375 38.06
RPSDS-NB 3583 39.17 25.83 3361
WRPSDS-NB 35 50 61.67 55.56
WS-RF 60.83 75 75.83 70.56
RE-RF 39.17 23.33 34.17 32.22
PSDS-RF 51.67 55 45.83 50.83
RPSDS-RF 56.67 48.33 51.67 52.22
WRPSDS-RF 64.17 74.17 725 70.28
WS-C.45 475 49.17 44.17 46.94
RE-C.45 35 17.5 25.83 26.11
PSDS-C 45 49.17 33.33 30 375
RPSDS-C .45 4583 325 325 36.94
WRPSDS-C 45 44.17 50 49.17 47.78
WS-MLP 63.33 60.83 75.83 66.67
RE-MLF 36.67 29.17 30 31.94
PSDS-MLP 55.83 47.5 4833 50.56
RPSDS-MLP 51.67 35 51.67 52.78
WRPSDS-MLP _ 70.83 69.17 79.98 73.33

Table I shows comparative recognition rate of each syllable in following
vowel context by using feature extraction methods of WS, RE, PSDS, RPSDS,
and WRPSDS combined with classification methods of SMO, NB, RF, C45, and
MLP in Ten-FCV testing. Among five classifiers, it can be noticed that MLP has
the best classification performance when it is combined with WRPSDS. The
performance of the WRPSDS features shows the effectiveness and significance of
utilizing both time and frequency domain features. The rank of classifiers is MLP,
RF, SMO, NB, and C45 as shown by the average recognition of 73.33%,
70.56%, 66.11%, 58.33%, and 47.78%, respectively.

In case of NB and RF classifier, the recognition rate of WS is better than
WRPSDS as shown by the recognition score of 58.33% versus 55.56%, and
70.56% versus 70.28%. It indicated that the high dimension of features does not
always give a better performance in classification. Based on Table I, it can be
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seen that WRPSDS features has the best average score in classification for the
most of classifier. It indicates that the higher dimension of feature gives a better
average recognition score.

Table II. Confusion Matrix using MLP-WRPSDS

Class Identified class (number of samples) ?‘,;;‘3
1 2 3 4 5 6 7 8 9 100 11 12

1 25 0 1 0 0 1 1 0 0 2 0 0 833
2 0o 251 0 4 0 O 0O O 0 0 0 8.3
3 0 0 25 0 0 1 0 0 2 0 0 2 8.3
4 2 2 1 16 2 2 2 0 1 0o 2 0 533
5 o 5 o0 3 181 o0 3 0 0 0 0 60
6 0 0 1 1 125 0 0 1 1 0 0 8.3
7 1 0 0 1 0 0 23 0 1 2 1 1 76.7
8 o o0 o0 o0 3 0 0 23 3 0 1 0 767
9 0 0 1 0 o O 0 4 25 0 0 0 83
10 2 0 0 0 0 2 4 0 0 21 0 1 70
11 0 1 0 1 0 0 o0 3 1 1 17 6 56.7
12 0 0 1 2 0 1 I 0 2 1 1 21 70

Total 73.3

Table II shows the confusion matrix derived for the MLP classifier with Ten-
FCV. In the confusion matrix, each row represents the classification rate refers to
a syllable class, where each cell represents the syllable sound number of that class
being classified into the class stated by the column label. The diagonal entries
represent the number of syllables when the particular class of syllables is
correctly classified. It can be seen from the table that MLP classifier is able to

classify the 1st class until the 12nd class with the average recognition rate of
73.3%.

Table 11 presents the percentage of classification results obtained utilizing
Ten-FCV. For /a/, the highest result for the velar consonant /& was 86.7% by
applying SMO classifier. For the velar consonant /g/, the classification score
obtained is the lowest among other consonants, especially for C45. In WRPSDS,
the highest score for consonant /I was 83.3% for SMO.

In the vowel /i/ case, the results for consonant /& for SMO, NB, RF, C4.5, and
MLP classifier were 70%, 76.6%, 90%, 70%, and 83.3%, respectively. This result
indicated that the RF has the best result in accuracy but the result for consonant /I/
showed that MLP and SMO have the highest accuracy score.

In the vowel /u/ case, the average classification results for SMO, NB, RF,
C4.5, and MLP were 72.5%, 61.65%, 72.5%, 49.16, and 79.98%, respectively. In

this case, the MLP score was highest than the other classifiers.

Table I1I. Classification Result using WRPSDS Features in
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Ten-Fold Cross Validation (TEN-FCV)
Following yY

Average %

Clamifier vowels & @ i classification
SMO /a 86.7 333 833 50 63.33
A/ 70 567 76.6 46.7 62.5
/' 833 667 80 60 72.5
MNaive Ja 70 467 60 433 55
Bayes A 76.6 267 40 50.7 50
S 633 533 533 767 61.67
Random Ja/ 833 433 066.7 633 64.15
Forest A 90 70 633 733 74.15
/' 86.7 733 70 60 72.5
C45 ‘a 36.7 20 50 50 44,18
A/ 70 60 367 333 50
/' 60 533 36.7 467 49.16
MLP fa 833 533 767 70 70.83
A 833 60 76.7 350.7 69.17
S/ 833 833 833 70 79.98

Figure 2 depicts the percentage classification results of CV syllables in the
context of its following vowel for five different classifiers. From the graph, it can
be noticed that MLP has the best result for /@’ and /1/ vowels. C4.5 has the lowest
score for all vowels. The rank of average recognition rate of each classifier was
MLP, RF, SMO, NB, and C4.5 respectively as shown by average classification
rate of 73.33%, 70.28%, 66.11%, 55.56%, and 47.78%, respectively.

90 -

£ %0

270 -

3

= 60 A

2 50 {-PNES

9] e

= 40 4 bos

%30 :i::

520 1 NNKE
b8

<10 0%
L1

0 P i

faf I /!

Following vowel
ESMO B8NB ®RF 0OC45 8BMLP

Fig. 2. Graph of the CV syllables classification in following vowel contexts for
each classification method.
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Table IV lists the percentage classification results utilizing Fifteen-FCV. The
average classification scores in the vowel /a/ context, for SMO, NB, RF, C45 and
MLP were 59.96%. 55%, 68.33%. 43.3%. and 69.98%. In the vowel /i’ context,
the average classification results for SMO, NB, RF, C45 and MLP were 63.35%,
48.35%, 68.33%, 50% and 68.3%. While for /v, the scores were 71.68%, 61.7%,
76.67%, 51.68%, and 74.13%, respectively.

Table IV. Classification using WRPSDS in Fifteen-FCV

. . . o,
Classifier TOUOWINE o, oy gy Averaze%
vowels classification
SMO o/ 833 333 B0 433 59.96
i/ 667 60 70 567 63.35
w 76.7 667 80 633 71.68
Naive /al 633 467 567 533 55
Bayes A 733 267 367 56.7 48.35
/i’ 56.7 567 567 767 61.7
Random o/ 833 50 70 70 68.33
Forest Jif 833 60 66.7 633 68.33
T 90 767 733 66.7 76.67
C45 o/ 533 233 533 433 433
il 633 667 433 267 50
w 56.7 50 533 467 51.68
MLP Ja/ 833 533 733 70 69.98
i/ 766 633 733 60 68.3
/i 70 766 833 066.0 74.13

4. Conclusions

This paper presents syllables sound classification by utilizing time-frequency
features as well as the performance comparison of five different classifier namely a
C45 decision tree, a naive Bayes classifier. an SMO, a Random Forest decision tree,
and a multi-layer perceptron. According to the result obtained, it can be concluded
that the MLP classifier has the higher performance than other classifiers when it is
combined with WRPSDS, as shown by accuracy of MLP, C.45, RF, NB, SMO
which are 73.3%, 47.78%, 70.28%, 55.56%., and 66.11%, respectively. The
performance of the WRPSDS features shows the effectiveness and significance of
utilizing both time and frequency domain features. The further work suggested for
this research is to utilize bigger syllable database with different ages and gender,
applied to the other POA (i.e. dental, labial, etc.), and using different technique of
feature generation.
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