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Abstract - Speech recognition stands to convert the human voice
into the text that similar to the information being conveyed by
the speaker. This paper aims to find a suitable method for
Sinhala Speech Recognition. For that the paper goes through 2
approaches, the isolated word recognition and continuous
speech recognition. The paper uses Artificial Neural Networks
to go through the Continuous Speech Recognition approach,
and Mel Frequency Cepstral Coefficients (MFCC) and Dynamic
Time Warping (DTW) as feature matching and feature
extraction techniques under isolated word recognition. By using
above techniques, experimental results show that overall
accuracy is higher in isolated word recognition than continuous
speech recognition.
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. INTRODUCTION

Basically Automatic Speech Recognition is a process by
which a computer or any other equivalent device correctly
recognized what was spoken. Most of the work in speech
recognition is done regarding to the English or other
European languages. For Sinhala language still any well-
known Speech Recognizer does not exist.

Sinhala is the native language of the island nation of Sri
Lanka. It belongs to the Indo-Aryan branch of the Indo-
European languages. Sinhala is the mother tongue of about
15 million Sinhalese, while it is spoken by about 19 million
people in total [1].

Research into the concept of speech technology began as
early as 1936 at Bell Labs. Since that period to today, speech
technology shows significant additional improvements [2].

The objective of this paper is to find a path for Sinhala
Speech Recognition, through two different approaches. The
isolated word recognition and continuous speech recognition
are those two approaches. Here the main attention was given
to the acoustic phonetic modeling under the continuous
speech recognition approach. Although | got some acceptable
results in isolated word recognition but due to its limitations
of having short vocabulary, this technique was only
acceptable for short vocabularies.
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Il.  ISOLATED WORD RECOGNITION

First approach | go through is based on the matching of
incoming word with one of a number of stored acoustic
pattern templates that exist in the recognition vocabulary.
This process is named as Isolated Word Recognition or
Pattern Matching Approach. Here the incoming speech
consists of isolated words. The task is to match the incoming
word against each word that stored.

A. Feature Extraction for the isolated word recognition

In this approach there must be a feature set to store and
match with each other. In speech recognition feature
extraction techniques are used for this purpose. Several
feature extraction algorithms can be used to do this task, such
as Linear Predictive Coefficients (LPC), Linear Predictive
Cepstral Coefficients (LPCC), Mel Frequency Cepstral
Coefficients (MFCC) and Human Factor Cepstral
Coefficients (HFCC) [2]. Here | used MFCC algorithm to
extract the features. | have done the implementation using
Matlab.

MFCC are chosen because MFCC are the most important
features, which are required among various kind of
applications, and it gives high accuracy results especially for
clean speech and also MFCC can be regarded as the

standard features in speakers as well as speech recognition.

In MFCC algorithm the speech is first decomposed into
frames of the size which are usually chosen as a power of
two to fit the FFT algorithm. In the next block, Hamming
window is applied to those frames. Next FFT algorithm is
applied to get the magnitude spectrum of the windowed
speech data. The next block is mel-filtering. It provides a
model of hearing realized by the bank of triangular filters.

B. Feature mapping for isolated speech recognition

| have used Dynamic Time Warping (DTW) to match the
incoming feature set against to the stored feature set. DTW
algorithm is based on Dynamic Programming techniques as
described in [3]. This algorithm is for measuring similarity
between two time series which may vary in time or speed.
This technique also used to find the optimal alignment
between two times series if one time series may be “warped”
non-linearly by stretching or shrinking it along its time axis.
Then this warping between two time series
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can be used to find corresponding regions between the two
time series or to determine the similarity between the two
time series [3].

I1l.  CONTINUOUS SPEECH RECOGNITION

There exist finite, distinctive units in spoken language called
phonetics. These phonetic units are probably characterized by
a set of properties that are manifested in the speech signal or
the spectrum over time. Usually English and other European
languages use these phonetic units in Continuous Speech
Recognition. But in Sinhala language there’s no exact
phonetic symbols for some Sinhala letters. So here | have
used another method (as described in next part) to extract set
of properties that are manifested in the Sinhala speech. After
extracted feature set for the Sinhala letters 1 have used
Artificial Neural Networks for trained those features. Figure
1 showed parts | have gone through in Continuous Speech
Recognition.

[ Input word ]

[ Breakinto small frames ]

[ Eliminate frames contains noise ]

[ Checkvowel or ]

Check which consonant

Js——

l Check which vowel l

—>[

Outputs fromall frames

[ Match with words in vocabulary ]

[ Return guessed word ]

Fig. 1. Process that followed for continuous speech recognition

A. Check which vowel
First | have digitized the speech signal, break those signal
into small frames (0.05 sec) and plot time domain graphs of
those small frames. Those graphs showed a special
characteristic for all vowels in Sinhala language. There exist
a repeating pattern throughout the graph and this pattern is
different from vowel to vowel. Letters “cE” and “1” also act
like same as vowels. So in my further developments | use those
characters as vowels. Figure 2 showed a 0.05sec graph for letter

“@”.
For extracted features for letter, “a” | have broken the speech
signal that contained the letter “@” into 0.05 second frames

and use FFT function for those frames. Then | have used
threshold value to cut frequencies that are not in
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human voice ranges and get the resulted feature set to
identify letter “a”.
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Fig. 2. 0.05 Second frame of time domain signal of letter ‘¢’

B. Check Vowel or Consonant

When analyzing signals it revealed that there’s no any
repeating unit in consonant’s wave pattern. Figure 3 shows a
time domain signal of a sound sample that contains
consonant and a vowel. | have used ANN again to separate
consonants from vowels. For that 1 have used frequency
domain signal and break signals into 0.05 sec frames. Then |
have found the maximum y-axis value and get 65 y- axis
values from that value onwards, along the x-axis. If frame is
not enough to get 65 samples, took samples from next frame.
| have taken those 65 samples as feature set for one letter.

Should be ‘&’

L L L

% ) s m 7 2
Hedrd'e’ sound o'

Fig 3. Graph for letter '='

www.ijert.org 392

(Thiswork is licensed under a Creative Commons Attribution 4.0 International License.)



C. Check which Consonant

To identify consonants separately, | have extracted the part
that represent the consonant and got Fourier transformation
of those parts. Then got highest 20 values (in y-axis and
relevant x-axis values) from each of that frames. Got those
40 features to represent identity of one letter and have
given that feature set as the input to ANN.

D. Train Artificial Neural Networks

I go through 2 types of training methods. To check which
vowel and to check vowel or a consonant | have to use one
method. Here | have trained one train file for one letter and
make set of train files. That means when create a train file
for a particular letter; output has defined as “1”, if the
output is that letter. Otherwise output is “0”.

Then | have given test sample to every train file, and find
which train file gives the maximum output. The letter
relevant to that train file becomes the output. | use 300
samples from each letter when | train ANN.

To identify consonants separately 1 have used another
training method. Here also | create one train file for one
letter. But | used 300 samples from the particular letter,
that relevant to the train file. And use 50 samples from
each other letters. | have created 6 sets of train files from
one letter. When gained the output, first retrieve the result
for the input frame using sets of train files and selected the
most frequent output as the final output. This method
increase accuracy when check which consonants. But
increase the time to give the output.

| stored words in a structure array and create a “mat” file in
Matlab. After | have collected output for all frames of the
input word, | check which word in the vocabulary match
with the final output. Find that best match word and return
that word as the guessed word.

IV.  RESULTS

| used 4 Sinhala words to check the accuracy.

A. lIsolated word recognition

Word Accuracy
oYo) 37%
v 80%
B35 28%
oam® 21%

Fig. 4. Accuracy for voices that not in stored database
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Word Accuracy
ot 95%
k) 90%
RIBH 90%
faroto) 90%

Fig. 5. Accuracy for voices that exist in database

B. Continuous speech recognition

Letter Accuracy
o 8o%
g 50%
8 10%
53%
)] 20%
0 97%
B 67%

Fig. 6. Highest accuracy gained when check for consonants

Letter Accuracy
o 60%
oz 96 %
® 96 %
@ 73%
@ 90%
(& 96%
@ 90%
® 66 %

Fig. 7. Highest accuracy gained when check for vowels
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Word Accuracy
D2 75%
fo Vo)) 30%
by ey bad) 4£0%
oBI? 80%

Fig. 8. Highest Accuracy for male voices

Word Accuracy
(3] 10%
B 60%
BHOBIB 13%
i) 70%

Fig. 9. Highest accuracy for female voices

V.  CONCLUSION

According to the results gained, isolated word recognition for
words that exists in the database gives the highest accuracy.
But it can use only for a limited vocabulary. Accuracy will be
decrease and the time to return the output will be increase
when number of words in the vocabulary increasing.

Accuracy gained for the continuous speech recognition won’t
be decrease with the vocabulary. If we could use high
performances for the training process, accuracy will be
increased than this. Then this can be use for any of
applications regarding the Sinhala speech to text conversion.

Although the Sinhala language is not very much familiar with
this research topic this work prove that there will be a good
future for the Sinhala language with respect to speech
recognition.
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