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ABSTRACT 

This paper proposes a new hybrid method named SCFE-PNN, which integrates effective subtractive clustering 

based features enhancement and probabilistic neural network (PNN) classifier, had been introduced for isolated Malay 

word recognition. The proposed method of subtractive clustering features weighting is used as a data preprocessing tool, 

which designs at diminishing the divergence in features of the Malay word dataset, in order to further improve the 

recognition accuracy of the PNN classifier based speaker-dependent and speaker-independent mode. In this study, the mel-

frequency cepstral coefficients (MFCCs) were extracted from the selected Malay word. The experimental results show the 

effectiveness of the proposed SCFE technique. The proposed method shows promising average results of 99.61% (Speaker 

Dependent) and 96.21% (Speaker Independent) in distinguishing between the selected Malay words. 
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1. INTRODUCTION 

Automatic Speech Recognition (ASR) has 

achieved substantial success in the past few decades, but 

more studies are needed because none of the current 

methods are fast and precise enough to be comparable 

with human recognition abilities. Over the years 

researchers have found several classifier to validate the 

performance for isolated word speech recognition such as 

Hidden Markov Models (HMM), Support Vector 

Classifiers, Time Delay Neural Networks (TDNN) and 

Hybrid Neuro-Fuzzy Network[1].Attempts to build a 

system that is able to recognize Malay words and digits by 

taking advantage of speech recognition approaches include 

Hidden Markov Model (HMM)[2], multilayer perceptron 

(MLP)[3], hybrid approach of Neural Network based 

multilayer perceptron (NN-MLP) [4], Dynamic Time 

Warping (DTW) with decision fusion technique[5] and 

Multi-layer Perceptron (MLP) to isolated Malay sounds in 

children[6]. All these studies have been done in 

independent-speaker recognition with a limited number of 

words to be recognized. 

This experiment uses Malay language which is 

the Austronesian (Malayo-Polynesian) language family, 

spoken as a native language by more than 33,000,000 

persons distributed over the Malay Peninsula, Sumatra, 

Borneo, and the numerous smaller islands of the area, and 

widely used in Malaysia and Indonesia as a second 

language [5], [7]–[9]. Automatic speech recognition 

(ASR) system can be defined as the capability of machine 

to emulate speaker’s spoken utterance into a text string or 
other applications.  

In pattern recognition, data clustering is a popular 

feature enhancement technique needed in many fields. 

There are variety of clustering algorithms have been 

proposed, including the hierarchical, mountain, 

subtractive, k-means, and fuzzy c-means algorithms[10]. 

However, mountain method is effective for low-

dimensional data sets. Unfortunately, it becomes 

prohibitively inefficient when applied to high-dimensional 

data[11]. To reduce the computational complexity of this 

method, Chiu suggested calculating the mountain function 

on the data points rather than the grid points, an approach 

known as the subtractive clustering method[12]. In this 

research work, we had proposed to implement the 

subtractive clustering based features enhancement (SCFE) 

algorithm to improve recognition rate for Malay speech 

recognition. 

The aims of this study are: (i) to develop patterns 

of reference for the selected Malays word in the 

recognition database; and (ii) to explore the system 

recognition rate by applying the subtractive clustering 

based features enhancement algorithm. This paper presents 

the development of improved Malay speech recognition 

using MFCCs, Subtractive clustering based features 

enhancement algorithm and probabilistic neural network 

to investigate the effectiveness of the proposed method. 

 

2. DESIGN AND DEVELOPMENT OF THE 

SYSTEM 

The design and development of the speech 

recognition system are discussed in this section. There are 

four steps to develop the improved Malay speech 

recognition system. The first step in the system 

development is the collection of the Malay speech file 

corpus at 22050 Hz with 16 bits. At the second step the 

end-point detection process is used to trim the unvoiced 

speech (including silence) portion for each speech file. 

Third, the voiced speech is down sampled to 16 kHz and 

then the features of the voiced speech are extracted by 

applying mel-frequency cepstral coefficient (MFCCs) 

technique to produce feature vectors. Fourth, the Malay 

speech recognition process is done by clustering the data 

and weighing features is feed to Probability Neural 

Network (PNN) classifier to recognize the Malay words. 

Figure-1 shows the overall architecture of the improved 

Malay speech recognition system. The detailed 

explanation for each step is described as follows: 
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Figure-1.  The architecture for improved Malay speech recognition system. 

 

2.1 Syllable structure of Malay speech corpus 

The words of Malay language are a combination 

of small linguistic units or syllables with vowels (V) and 

consonants (C). The common syllable structures of Malay 

words are: CV, VC, CVC, CCVC, CVCC, CCCV and 

CCCVC[13]. There are 5 syllable structures for selected 

Malay word (V, VC, CV, CVC, CVCC); which consists of 

22 syllables {a\, rang\, bo\, la\, em\, pat\, is\, nin\, e\, mak\, 

bu\, lan\, me\, rah\, mi\, bo\, hong\, u\, ni\, ver\, si\, ti\} 

[14], [15]. The spelling (11 Malay words), phoneme 

structure, syllable structure and number of syllable for 

each Malay word are shows in Table-1.  

The speech corpus is created from 24subjects 

aged between 21 to 30 years (6 male and 18 female). Each 

subject pronounced the same word 25 times separately for 

each word. The total speech samples are 6600 files: 5280 

speech samples are used to train the system and 1320 

speech samples used to test the performance of the system. 

The performance of the system is validated by using 

speaker-dependent and speaker independent approach 

throughout this experiment. 

 

Table-1. The Malay word syllable structure. 
 

Malay words 

(Phoneme) 
Phoneme sequence Syllables 

No. of 

syllable in 

each digit 

arang, /a/ /a/ - /rang/ V-CVCC 2 

bola, /o/ /bo/ - /la/ CV-CV 2 

empat, /e/ /em/ - /pat/ CV-CVC 2 

isnin, /i/ /is/ - /nin/ VC-CVC 2 

emak, /e/ /e/ - /mak/ V-CVC 2 

bulan, /u/ /bu/ - /lan/ CV-CVC 2 

merah, /∂/ /me/ - /rah/ CV-CVC 2 

bumi, /u/ /bu/ - /mi/ CV-CV 2 

bohong, /o/ /bo/ - /hong/ CV-CVCC 2 

universiti, /i/ /u/ - /ni/ - /ver/ - /si/ - /ti/ 
V-CV-CVC-

CV-CV 
5 

enak, /∂/ /e/ - /nak/ V-CVC 2 

 

2.2 End-point detection processing 

The speech and non-speech portions of the 

collected samples are identified and are segmented using 

the end-point detection (EPD) technique[16]–[18]. It is a 

process of automatically detecting the beginning and the 

ending of the Malay word, and then segmented it into 

individual speech file for each word as well as each 

trial[9]. The EPD algorithm employed in this experiment 

was proposed by Theodoros Giannakopoulos in [19] and 

uses two measures of the signal, the short-time energy and 

the spectral centroid of the signal. 

 

End-point 

Detection 

Feature Extraction 

(MFCCs) 

Features Enhancement and 

Features Weighting 

(Subtractive Algorithms) 

Classification process 

(PNN Classifier) 
Recognition 



                                    VOL. 11, NO. 13, JULY 2016                                                                                                              ISSN 1819-6608 

ARPN Journal of Engineering and Applied Sciences 
©2006-2016 Asian Research Publishing Network (ARPN). All rights reserved. 

 
www.arpnjournals.com 

 

 
                                                                                                                                               8519 

 
 

Figure-2. The features use for segmentation and final segmented signals. 

 

2.3 Extraction of MFCCs 

In this experiment, we are focusing only in mel-

frequency cepstral coefficients (MFCCs). The MFCCs 

feature is chosen because of the sensitivity of the low 

order cepstral coefficients to overall spectral slope and the 

sensitivity properties of the high-order cepstral coefficient. 

From previous works, LPCCs and MFCCs are the most 

popular acoustic features used in Malay speech 

recognition and the MFCCs features are proved to be 

robust in Malay speech recognition. Now, the MFCCs are 

extracted from the segmented selected Malay words. 

These MFCCs feature vectors are used to represent the 

signal characteristic of the Malay word. In this 

experiment, 16 MFCCs were extracted to discriminate the 

11 Malay words. The computation of MFCCs features are 

illustrated in Figure-2. For features enhancement, the 

MFCCs will feed to subtractive clustering algorithm as 

described in next section. 

 

 
 

Figure-3.  Block diagram of speech signal 

parameterization of MFCCs. 

 

2.4 Subtractive clustering based feature weighing 

In recent years, there has been an increasing interest 

in Clustering approach [1]. Data clustering is considered 

an interesting approach for searching similarities in data 

set and grouping similar data together. The subtractive 

clustering method is an improved version of the mountain 

clustering method proposed by [20]. Subtractive clustering 

is a clustering algorithm assumes each data point is a 

potential cluster center based on potential size of the data 

points in a feature vector[21]. The idea of the subtractive 
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clustering based on the density of data points in 

surroundings. The point that has the higher density will be 

selected as cluster center and the density will be reduced. 

Then the algorithm will choose another point that 
has the highest density to be the cluster center of another 

class. Hereby, the subtractive clustering algorithm is 

applied to Malay speech recognition as follows: 

 

 Selects the data point with the highest potential to be 

the first cluster center. 

 Removes all data points in the vicinity of the first 

cluster center (as determined by radii), in order to 

determine the next data cluster and its center location. 

 Iterates on this process until all of the data is within 

radii of a cluster center. 

 The weighing feature process will be taking place. 

The details will describe in next section. 

To obtain the weighted features, multiplication of 

the ratios with the data of weighting features is needed. 

The ratios was calculated by using equation 1 and the 

weighted features can be obtained by using equation 2 as 

stated below. 

 � , = � / _                      (1) 

 

Where i is number of classes, j is the number of features. 

 �ℎ , = � , ∗ � ,              (2) 

 

Where M is the raw feature vector, and m is the row of 

raw feature vector and n is the column of raw feature 

vector. 

The scatter plots before and after feature 

enhancement technique is shown in Figure 4 and 5. 

 

 
 

Figure-4.  Scatter plot before subtractive clustering. 

 

 
 

Figure-5.  Scatter plot after subtractive clustering. 
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Table-2.  One-way ANNOVA analysis for MFCC features. 
 

 Significant level (MFCC - 16 features) 

 Before clustering After clustering 

 p-value F- value p-value F- value 

Fea 1 p<0.05 207.77 p<0.05 1665.92 

Fea 2 p<0.05 1624.59 p<0.05 9941.82 

Fea 3 p<0.05 2297.41 p<0.05 10883.07 

Fea 4 p<0.05 1566.35 p<0.05 9266.12 

Fea 5 p<0.05 188.54 p<0.05 1197.24 

Fea 6 p<0.05 145.99 p<0.05 1454.43 

Fea 7 p<0.05 175.30 p<0.05 726.33 

Fea 8 p<0.05 147.05 p<0.05 873.70 

Fea 9 p<0.05 78.30 p<0.05 456.16 

Fea 10 p<0.05 191.11 p<0.05 782.05 

Fea 11 p<0.05 32.88 p<0.05 179.34 

Fea 12 p<0.05 15.21 p<0.05 261.09 

Fea 13 p<0.05 21.39 p<0.05 419.22 

Fea 14 p<0.05 33.72 p<0.05 268.31 

Fea 15 p<0.05 38.12 p<0.05 162.79 

Fea 16 p<0.05 21.11 p<0.05 245.52 

 

The effectiveness of subtractive clustering 

applied on Malay speech recognition as shown as scatter 

plot in Figure-4 and Figure-5. From the two figures, we 

can clearly see that the intra-class distances and 

discriminant ability had been improved for each group. 

Besides that, we have investigated the MFCC features by 

using statistical analysis technique (one-way ANOVA) by 

using SPSS software. The p-value and F-value were 

shown in Table 2 above for MFCC features (before and 

after subtractive clustering).  

 

Ho: The observed data does not have any significant 

difference between each Malay word. 

Ha: The observed data have a significant difference 

between each Malay word. 

Level of significance, α: 0.05 

 

Based on Table 2 above, all the p-value is less 

than α (significance level of 0.05). Ho is rejected. The 

rejected Ho concludes that the observed data have a 

significant difference between each Malay word. Besides 

that, the F-value after subtractive clustering are larger 

compared to before subtractive clustering. This strongly 

supports the hypothesis Ha. 

 

2.5 Classification 

Artificial neural networks (ANN) are widely used 

in solving various pattern recognition and classification 

problems. Different neural network paradigms are 

available for classifying the patterns [22]. Besides that, 

ANN is nonlinear model that is easy to use and understand 

compared to statistical methods. Additional, ANN is non-

parametric model while most of statistical methods are 

parametric model that need higher background of statistic 

[23]. In this work, probabilistic neural networks (PNN) 

was used due to it is relatively insensitive to outliers and 

generate accurate predicted target probability scores 

compared to other neural network. The brief description of 

the fundamentals of PNN is as follow: 

 

2.6 Probabilistic neural network 

A probabilistic neural network (PNN) is a feed 

forward neural network, which based on the density 

function estimation, Bayesian network and a statistical 

algorithm called Kernel Fisher discriminant analysis by 

[24]. PNN classifier designed to have as many input nodes 

as the number of features used for classification. Each 

input node is connected to each node in the pattern layer 

amd each pattern node is connected to only one node in 

the category layer. There would be as many nodes in the 

category layer as the number of classes in the feature 

vector. The updated weights are trained on the training 

data. In this work, the PNN was trained with different 

spread factor or smoothing parameter is varied between 

0.01 and 0.09 in steps of 0.01. Once the PNN network is 

learned from training data, the testing data are then feed to 

the PNN and it was classified. Based on the total number 

of correct recognized, the performance of the classification 

measures were computed as show in equation 1[25]. 
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3. RESULTS AND DISCUSSIONS 

This section provides the experimental results for 

the classification of Malay speech. The average 

recognition accuracy results classified by PNN classifier 

for the data set before and after feature enhancement were 

shown in Table-3 (Speaker Dependent) and Table-4 

(Speaker Independent). 

 

Table-3.  Recognition rate for Malay speech recognition (speaker dependent). 
 

Speaker dependent 

Word 

Recognition rate for testing  

Accuracy(%) ± Standard deviation 

Before (raw feature) After (enhanced feature) 

Arang 85.33 ± 6.79 99.18 ± 0.28 

Bola 88.96 ± 5.71 98.60 ± 0.35 

Empat 97.46 ± 0.56 100.00  ± 0.00 

Isnin 88.94 ± 2.13 100.00 ± 0.00 

Emak 89.27 ± 4.15 99.56 ± 0.17 

Bulan 91.97 ± 2.69 99.96 ± 0.06 

Merah 78.68 ± 8.81 99.49 ± 0.33 

Bumi 97.43 ± 0.78 100.00 ± 0.00 

Bohong 96.18 ± 2.47 99.32 ± 0.35 

Universiti 94.83 ± 2.51 99.91 ± 0.17 

Enak 85.50 ± 8.32 99.72 ± 0.26 

Total 

Average 
90.50 ± 3.95 99.61 ± 0.10 

 

From the Table-3, the highest recognition rate 

obtained for raw features set is 97.46% with standard 

deviation of 0.56 (‘Empat’) and the overall average 
recognition rate of 90.50% with standard deviation of 3.95 

was achieved. The lowest recognition rate achieved was 

78.68% (‘Merah’) mainly due to the confusion of /e/ and 

/∂/. On the other hand, the enhanced features able to 

achieve 100% recognition rate with standard deviation of 

0.00. The overall average recognition rate achieved by 

using enhanced features is 99.61% with standard deviation 

of 0.10. 
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Table-4.  Recognition rate for Malay speech recognition (speaker independent). 
 

Speaker independent 

Word 
Recognition rate for testing Accuracy(%) ± Standard Deviation 

Before (raw feature) After (enhanced feature) 

Arang 40.74 ± 3.97 92.17 ± 3.48 

Bola 37.06 ± 8.41 93.45 ± 2.37 

Empat 80.11 ± 7.19 99.13 ± 0.69 

Isnin 86.16 ± 5.09 100.00 ± 0.00 

Emak 46.59 ± 6.85 96.18 ± 1.04 

Bulan 73.41 ± 4.95 98.05 ± 0.86 

Merah 26.57 ± 5.34 89.79 ± 2.67 

Bumi 81.15 ± 5.52 100.00  ± 0.00 

Bohong 75.75 ± 4.58 94.47 ± 1.93 

Universiti 74.18 ± 5.77 99.60 ± 0.32 

Enak 44.25 ± 4.44 95.44 ± 1.35 

Total 

Average 
60.54 ± 2.42 96.21 ± 0.45 

 

From the Table-4, the highest recognition rate 

obtained by using raw featureswas86.16% with standard 

deviation of 5.09 (‘Isnin’) and the overall average 
recognition rate of 60.54% with standard deviation of 2.42 

was achieved. The lowest recognition rate achieved 

was26.57% (‘Merah’) mainly due to the confusion of /e/ 
and /∂/. The overall average recognition rate of 96.21% 

with standard deviation of 0.45 was obtained using PNN 

classifier.  

Based on the results shown in Table-3 and Table-

4, the proposed feature enhancement technique have 

strong ability to choose the correct data point to be cluster 

center and grouping the related neighbor together in the 

MFCCs feature vector. Hence, the MFCCs discriminant 

ability has been improved. Besides that, enhanced feature 

are shown to have high discriminancy ability to the 

selected Malay words especially the vowel between /e/ 

and /∂/ as shown in Table-3 and Table-4. 

 

4. CONCLUSIONS 

In conclusion, the performance of the MFCCs in 

distinguishing the selected Malay words and the 

effectiveness of the SCFE-PNN technique were 

investigated in this experiment. The speech data collected 

from multiple speakers, gender (male and female) and 

different race. The performance of proposed technique had 

been validated in both speaker dependent mode and 

speaker independent mode by PNN classifier. The 

experimental results showed that the proposed method of 

Malay speech recognition is outperformed the existing 

works of the literature in term of word recognition rate. 

For future works, the effectiveness of the proposed 

technique towards noisy data set will be investigated. 
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