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Abstrak

Pengecaman Vokal adalah sebahagian daripada sistem pengecaman pertuturan
automatik (ASR) yang mengelaskan gelombang pertuturan mengikut kumpulan vokal.
Prestasi pengecaman vokal Melayu (MVR) seperti masalah pengelasan pelbagai kelas
banyak bergantung pada vektor-vektor fitur (FVs). Vektor-vektor fitur (FVs) seperti
Pekali Cepstral Mel-Frekuensi (MFCC) telah menghasilkan kadar ralat yang tinggi
disebabkan maklumat fonem yang lemah. Fitur kebarangkalian pengelasan yang
diubah telah terbukti menjadi alternatif yang lebih baik dalam membawa maklumat
fonem. Walau bagaimanapun, dimensi tinggi dalam fitur kebarangkalian
memperkenalkan kerumitan tambahan yang menyebabkan kemerosotan prestasi ASR.
Tujuan kajian ini adalah untuk meningkatkan prestasi MVVR dengan mencadangkan
algoritma yang mengubah vektor-vektor fitur MFCC menjadi sekumpulan fitur baharu
menggunakan Regresi Logistik Multinomial (MLR) bagi mengurangkan dimensi fitur
kebarangkalian. Kajian ini dilakukan dalam empat fasa iaitu pra-pemprosesan dan
pengekstrakan fitur, penghasilan pekali regresi terbaik, transformasi fitur, dan
penilaian prestasi. Korpus pertuturan terdiri daripada 1953 sampel lima vokal bahasa
Melayu iaitu /a/, /e/, li/, /ol dan /u/ yang dirakam daripada pelajar dari dua buah
universiti awam di Malaysia. Dua set algoritma telah dibangunkan iaitu DBRCs dan
FELT. Algoritma DBRCs menentukan pekali regresi terbaik (DBRCs) bagi
mendapatkan set pekali regresi (RCs) terbaik daripada vektor-vektor fitur 39-MFCC
yang diekstrak melalui pendekatan pensampelan semula dan pertukaran data.
Algoritma FELT pula mengubah vektor-vektor fitur 39-MFCC menggunakan kaedah
transformasi logistik menjadi vektor-vektor fitur FELT. Kadar pengecaman vokal
vektor-vektor fitur FELT dan 39-MFCC dibandingkan dengan menggunakan empat
teknik pengelasan yang berbeza iaitu Rangkaian Neural Buatan, MLR, Analisis
Diskriminan Linear, dan k-Jiran Terdekat. Hasil pengelasan menunjukkan bahawa
vektor-vektor fitur FELT mengatasi prestasi vektor-vektor fitur 39-MFCC dalam
MVR. Bergantung pada pengelasan yang digunakan, peningkatan prestasi 1.48% -
11.70% dicapai oleh FELT berbanding MFCC. FELT juga menunjukkan peningkatan
ketepatan pengecaman vokal /o/ dan /u/ masing-masing sebanyak 5.13% dan 8.04%.
Kajian ini telah menyumbangkan dua algoritma yang dapat menentukan set RC terbaik
dan menghasilkan vektor-vektor fitur FELT dari MFCC. Vektor-vektor fitur FELT
tidak memerlukan pengurangan dimensi tetapi menghasilkan prestasi yang setanding.
Vektor-vektor fitur FELT juga dapat meningkatkan MVR untuk kelima-lima vokal
terutamanya /o/ dan /u/. Prestasi MVR yang lebih baik akan mendorong perkembangan
sistem berasaskan pertuturan yang menggunakan bahasa Melayu terutamanya untuk
masyarakat Malaysia.

Kata Kunci : Pengecaman Pertuturan Automatik, Pekali Regresi, Maklumat Fonem,
Transformasi Vektor Fitur, Pengurangan Dimensi.



Abstract

Vowel Recognition is a part of automatic speech recognition (ASR) systems that
classifies speech signals into groups of vowels. The performance of Malay vowel
recognition (MVR) like any multiclass classification problem depends largely on
Feature Vectors (FVs). FVs such as Mel-frequency Cepstral Coefficients (MFCC)
have produced high error rates due to poor phoneme information. Classifier
transformed probabilistic features have proved a better alternative in conveying
phoneme information. However, the high dimensionality of the probabilistic features
introduces additional complexity that deteriorates ASR performance. This study aims
to improve MVR performance by proposing an algorithm that transforms MFCC FVs
into a new set of features using Multinomial Logistic Regression (MLR) to reduce the
dimensionality of the probabilistic features. This study was carried out in four phases
which are pre-processing and feature extraction, best regression coefficients
generation, feature transformation, and performance evaluation. The speech corpus
consists of 1953 samples of five Malay vowels of /a/, /e/, /i/, /o/ and /u/ recorded from
students of two public universities in Malaysia. Two sets of algorithms were developed
which are DBRCs and FELT. DBRCs algorithm determines the best regression
coefficients (DBRCs) to obtain the best set of regression coefficients (RCs) from the
extracted 39-MFCC FVs through resampling and data swapping approach. FELT
algorithm transforms 39-MFCC FVs using logistic transformation method into FELT
FVs. Vowel recognition rates of FELT and 39-MFCC FVs were compared using four
different classification techniques of Artificial Neural Network, MLR, Linear
Discriminant Analysis, and k-Nearest Neighbour. Classification results showed that
FELT FVs surpass the performance of 39-MFCC FVs in MVR. Depending on the
classifiers used, the improved performance of 1.48% - 11.70% was attained by FELT
over MFCC. Furthermore, FELT significantly improved the recognition accuracy of
vowels /o/ and /u/ by 5.13% and 8.04% respectively. This study contributes two
algorithms for determining the best set of RCs and generating FELT FVs from MFCC.
The FELT FVs eliminate the need for dimensionality reduction with comparable
performances. Furthermore, FELT FVs improved MVR for all the five vowels
especially /o/ and /u/. The improved MVR performance will spur the development of
Malay speech-based systems, especially for the Malaysian community.

Keywords: Automatic Speech Recognition, Regression coefficients, Phoneme
Information, Feature VVector Transformation, Dimensionality Reduction.
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CHAPTER ONE
INTRODUCTION

1.0 Background of the Study

Multinomial Logistic Regression (MLR) is a discriminative and probabilistic
classification model that belongs to a larger class of logistic regression (LR) models
(Hansen & Liu, 2016; Kayabol, 2019). It predicts the occurrence of an event given
some sets of training data by computing the probability of the likely occurrence of
events. In making the prediction outcomes for a multiclass event, MLR uses several
predictor variables that can either be numerical or categorical (Abdalmalak &
Gallardo-Antolin, 2016; Gunduz & Karacan, 2017). The output of MLR is usually
computed as the probability of success divided by the probability of failure. The
outcome of the regression analysis is in the form of probability ratios for each of the

events.

In making the final prediction decision, the event that has the highest probability ratio
is predicted as a successful outcome. Although, the event with the highest probability
ratio is predicted, nonetheless, probability values are also assigned to the remaining
unpredicted events. The sum of the probability ratios for all the possible outcomes
adds up to a total sum of 1.0, with the values of each of the events ranging between 0
and 1.0 (Elfadaly & Garthwaite, 2020). The probability ratios are the ratios between
the likelihood numbers of events outcomes. The probability ratios form the basis for
prediction decisions, and at the same time can be used for the derivation of the odds
ratio that forms the basis for interpreting the output of MLR (Finch, Bolin, & Kelley,

2019; Weisburd & Britt, 2014). MLR is mostly being used as a classifier in vowel
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Appendix A

Baseline Classification Rates

Classifiers

ANN
MLR
LDA
KNN

Overall

Malay vowels

lal

98.29
98.00
97.64
88.39
95.58

lel

96.93
97.82
94.06
88.40
94.30

hl

99.56
99.71
97.99
90.27
96.88

lo/

91.94
94.43
90.14
86.48
90.75

lu/

91.37
92.42
88.17
72.69
86.16

Overall

95.62
96.48
93.60
85.25
92.74

243



Descriptive Statistics for Baseline MFCC FVs

Appendix B

Std.
Error Std.
Variable  Mean of Mean Median Deviation Variance Skewness Kurtosis Min. Max.
MFCC1 -14.483 0.031 -14.524  1.383 1.912 671 7.907 -18.230 1.336
MFCC2 4,914 0.025 5.211 1.111 1.235 -1.354 1.391 0.658 6.814
MFCC3 -0.867 0.031 -0.915 1.364 1.861 .139 -1.078 -3.650 2.173
MFCC4 1.929 0.028 1.658 1.236 1.527 .869 122 -0.379 5.475
MFCC5 -0.458 0.017 -0.468 0.768 .590 .025 -.439 -2.298 2.259
MFCC6 -0.372 0.010 -0.348 0.426 181 -.375 .288 -1.897 0.743
MFCC7 0.919 0.010 0.913 0.438 192 .009 -.270 -0.426 2.370
MFCC8 -0.561 0.010 -0.535 0.459 210 -.092 -.674 -1.897 0.607
MFCC9 0.304 0.009 0.288 0.384 147 210 119 -0.830 1.500
MFCC10 -0.001 0.008 -0.027 0.359 129 137 -.093 -1.106 1.049
MFCC11 -0.228 0.007 -0.233 0.321 .103 -.013 -.376 -1.084 0.730
MFCC12 0.162 0.008 0.113 0.375 141 492 -.139 -0.692 1.371
MFCC13 -0.291 0.007 -0.287 0.329 .108 -.031 -.464 -1.243 0.676
MFCC14 -3.810 0.107 -3.379 4,739 22.460 -.468 1.103 -20.853  19.377
MFCC15 2.302 0.064 2.221 2.832 8.022 .180 2.916 -16.153 16.815
MFCC16 -0.760 0.052 -0.821 2.288 5.235 .076 1.049 -11.359  7.622
MFCC17 0.808 0.043 0.762 1.920 3.685 .268 1.831 -7.140 11.586
MFCC18 -0.623 0.035 -0.624 1.538 2.367 371 1.803 -6.241 6.803
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Std.

Error Std.
Variable  Mean of Mean Median Deviation Variance Skewness Kurtosis Min. Max.
MFCC19 -0.500 0.029 -0.472 1.285 1.652 .079 2.406 -6.056 8.676
MFCC20 0.588 0.030 0.608 1.311 1.720 -.312 2.355 -7.715 5.614
MFCC21 -0.524 0.030 -0.471 1.318 1.738 -135 1.063 -6.048 5.115
MFCC22 0.253 0.028 0.247 1.259 1.584 223 1.456 -3.982 7.002
MFCC23 0.104 0.023 0.161 1.027 1.054 -.102 .690 -3.855 4.486
MFCC24 0.234 0.021 0.221 0.942 .887 -431 3.840 -5.648 4.183
MFCC25 0.035 0.023 0.007 1.007 1.015 -071 1.824 -4.685 4.301
MFCC26 -0.099 0.023 -0.042 1.031 1.063 -518 1.334 -4.423 3.309
MFCC27 0.341 0.057 0.391 2.503 6.263 -.195 3.153 -13.660 11.269
MFCC28  -1.557 0.052 -1.419 2.312 5.345 -427 1.730 -11.466  7.593
MFCC29 1.211 0.038 1.113 1.662 2.762 .550 2.270 -4.854 10.922
MFCC30 -0.692 0.028 -0.610 1.247 1.556 -.863 3.167 -7.866 4.460
MFCC31 0.389 0.018 0.368 0.806 .650 .220 3.395 -3.671 5.411
MFCC32 0.316 0.018 0.241 0.804 .647 713 4.382 -4.343 5.194
MFCC33  -0.457 0.021 -0.396 0.932 .868 -.506 4.030 -5.838 4.690
MFCC34 0.438 0.021 0.374 0.930 .864 .357 3.746 -5.177 5.199
MFCC35 -0.200 0.018 -0.211 0.806 .650 .256 5.010 -3.947 5.543
MFCC36 0.149 0.015 0.093 0.668 A47 .688 5.971 -4.180 5.117
MFCC37 -0.032 0.011 -0.032 0.505 .256 -.095 2.654 -2.617 2.428
MFCC38 -0.105 0.013 -0.086 0.557 310 -121 4.062 -4.525 3.109
MFCC39 0.058 0.012 0.072 0.541 .293 -.070 2.062 -2.551 2.456
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Appendix C

Kolmogorov-Smirnov and Shapiro-Wilk Normality test for the

Acoustic Features

Kolmogorov-Smirnov? Shapiro-Wilk

Statistic df Sig. Statistic df Sig.
MFCC1 041 1952 .000 991 1952 .000
MFCC2 164 1952 .000 870 1952 .000
MFCC3 .070 1952 .000 966 1952 .000
MFCC4 116 1952 .000 929 1952 .000
MFCC5 .034 1952 .000 992 1952 .000
MFCC6 .038 1952 .000 990 1952 .000
MFCC7 .018 1952 115 999 1952 .099
MFCC8 .032 1952 .000 .989 1952 .000
MFCC9 031 1952 .000 995 1952 .000
MFCC10 .035 1952 .000 995 1952 .000
MFCC11 .025 1952 .006 .996 1952 .000
MFCC12 .055 1952 .000 979 1952 .000
MFCC13 .029 1952 .001 .996 1952 .000
MFCC14 .068 1952 .000 976 1952 .000
MFCC15 047 1952 .000 972 1952 .000
MFCC16 027 1952 .002 992 1952 .000
MFCC17 .052 1952 .000 982 1952 .000
MFCC18 .054 1952 .000 979 1952 .000
MFCC19 047 1952 .000 979 1952 .000
MFCC20 .045 1952 .000 977 1952 .000
MFCC21 .034 1952 .000 .989 1952 .000
MFCC22 044 1952 .000 .987 1952 .000
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Kolmogorov- Shapiro- Kolmogorov- Shapiro-
Smirnov? Wilk Smirnov? Wilk
MFCC23 031 1952 .000 994 1952 .000
MFCC24 .056 1952 .000 .956 1952 .000
MFCC25 .040 1952 .000 .982 1952 .000
MFCC26 .052 1952 .000 .980 1952 .000
MFCC27 .053 1952 .000 965 1952 .000
MFCC28 .051 1952 .000 975 1952 .000
MFCC29 .061 1952 .000 974 1952 .000
MFCC30 .076 1952 .000 .954 1952 .000
MFCC31 .053 1952 .000 .964 1952 .000
MFCC32 .089 1952 .000 .936 1952 .000
MFCC33 073 1952 .000 .948 1952 .000
MFCC34 .067 1952 .000 .955 1952 .000
MFCC35 074 1952 .000 .945 1952 .000
MFCC36 .100 1952 .000 .926 1952 .000
MFCC37 .063 1952 .000 967 1952 .000
MFCC38 .060 1952 .000 .962 1952 .000
MFCC39 .043 1952 .000 978 1952 .000
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Appendix D
Test of Multicollinearity

Pearson Correlation Coefficients?
Model Collinearity Statistics
MFCC1 Tolerance VIF

MFCC1 1.000 106 9.441
MFCC2 ~024 027 36.651
MFCC3 ~872 .058 17.217
MFCC4 ~166 014 70.448
MFCC5 ~146 044 22.911
MFCC6 A5 063 15.934
MFCC7 -1 .065 15.286
MFCC8 B 051 19.635
MFCC9 T 081 12.290
MFCC10 g .092 10.856
MFCC11 24 125 7.992
MFCC12 391 128 7.803
MFCC13 -7 194 5.143
MFCC14 203 289 3.465
MFCC15 ~092 179 5.587
MFCC16 ~039 285 3.508
MFCC17 228 260 3.849
MFCC18 299 427 2.343
MFCC19 162 369 2.713
MFCC20 087 402 2.489
MFCC21 146 330 3.032
MFCC22 010 386 2.501
MFCC23 ~017 455 2.197
MFCC24 043 455 2.196
MFCC25 032 460 2.174
MFCC26 ~045 495 2.019
MFCC27 ~098 315 3.176
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MFCC28
MFCC29
MFCC30
MFCC31
MFCC32
MFCC33
MFCC34
MFCC35
MFCC36
MFCC37
MFCC38
MFCC39

145
-.002
152
185
-171
.041
-132
.008
-.046
-115
-.050
.065

J11
157
223
497
422
.302
.338
394
.508
.657
.673
.630

9.040
6.388
4.485
2.010
2.368
3.310
2.955
2.536
1.968
1.522
1.486
1.587
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