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Abstract

Objectives: To develop a speech-to-text (STT) system using Kaldi speech
recognition toolkit for continuous Kannada language/dialects. Methods: A
continuous Kannada speech data is collected from 100 speakers/farmers
of Karnataka state in field. The lexicon/dictionary and set of phonemes for
Kannada language/dialects are created and transcribed the collected speech
data using transcriber tool. The ASR models are developed at different
phoneme levels using Kaldi. Findings: In this work, an effort is made to develop
a robust small vocabulary STT system for continuous Kannada language using
Kaldi. The various acoustic modelling techniques are used to develop a robust
ASR model and achieved a word error rate (WER) of 0.23%. The performance
of the developed ASR model is compared with existing works and analyzed by
offline speech recognition. Novelty: Many STT systems have been developed
for Indian and International languages/dialects, but not for Kannada language.
This work is first of its kind using Kaldi in Kannada language under the
constraints of limited data. The developed ASR model could be used further in
the development of end-to-end ASR system for speech processing applications.
Keywords: Automatic Speech Recognition (ASR); Word Error Rate (WER);

Continuous Kannada Speech Data; Kannada Language/Dialects; Lexicon

1 Introduction

The recognition of speech data by machines automatically under an uncontrolled
environment is a challenging task and this is called automatic speech recognition (ASR).
Two types of ASR systems can be categorized: speaker-based ASR and speech-based
ASR systems V. To build an ASR system, it is necessary to create ASR models using
speech recognition toolkits. The different toolkits for speech recognition are available
to build robust ASR models. They are the hidden Markov model (HMM) toolkit, Julius,
CMUSphinx, Kaldi, etc. A large lexicon/vocabulary continuous speech recognition
model was developed in® using the HTK toolkit. The TIMIT speech dataset with 855
words was used for the conduction of experiments. Using transcription
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and dictionary, the obtained word error rates (WER) are 9%, 13% and 37% for the test set of size 25, 105 and 855 respectively. To
overcome the drawbacks of HMM in the development of continuous speech recognition models, the authors in®) have worked
on template matching using the dynamic time wrapping (DTW) technique. The experiments were conducted using HMM and
a combination of HMM and DTW techniques. The results revealed that the combined HMM+DTW method has given a better
performance than the traditional HMM technique. Using the language resources and proposed technique, the achieved WER is
3.54% and 2.41% for HMM and HMM+DTW respectively. The importance of reservoir computing (RC) for acoustic continuous
speech features modelling was explained in ®. The WSJ0 speech corpora were exploited for the experiments. The speech dataset
comprised of 7240 utterances collected by 84 speakers. The RC+HMM-based continuous ASR modelling technique outperforms
other acoustic modeling techniques with a WER of 6.2% for the bigrams language model and 3.9% for the trigram model.

The control over the ASR model complexity is still a challenging task in many speech processing applications and this
was described in®). To overcome the problem of ASR model complexity, the authors have implemented a technique for the
generalized-variable-parameter HMMs (GVP-HMM). The claimed method has increased the efficacy over the conventional
GVP-HMM. The experiments were conducted on the Aurora-2 speech database which comprised of 420 speech sentences.
The experimental results have improved the efficiency of the entire system by minimizing the WER of 28%. The application of
micro modulation features in the robust continuous ASR system was depicted in(®). The Aurora- 4 speech corpus dataset was
completely exploited for the conduction of the experiment. The experimental results showed that there is a better improvement
in the efficiency of 8% using proposed micro modulation features compared to a single stream system. The performance of the
ASR system was significantly reduced due to the addition of different types of noises in speech data. To overcome this problem,
amethod was proposed in”) by considering the advantages of autoregressive (AR) modelling. The WS]J and Aurora-4 databases
were considered for the experiments. The training set comprised 7138 sentences by 84 speakers and 330 sentences by 8 speakers
considered for the testing. The ASR model was created using Kaldi. The ASR model was developed for both degraded and clean
speech corpora. The obtained WER using the proposed technique for clean and degraded speech data were 3.1% and 12.8%
respectively.

The recognition of sentences and phrases spoken by talking face without or with audio was demonstrated in®). The authors
have focused on solving the problem of limited number of phrases or words recognition. They compared two important models
for reading the lip by considering the CTC and sequence to sequence losses. These models were built above on self-attention
architecture. The authors claimed that the proposed models have surpassed the performance of all most all previous works
on lip reading. In‘® an overview on ASR systems using machine learning was neatly described. The problems involved in the
development of real time robust ASR systems and their improved performance by modern machine learning technology was
explained in detail. The recent advancements with respect to deep learning and sparse representations for speech recognition
are also analyzed. The methods for speech to speech and speech to text summarization using speech unit concatenation and
speech unit extraction was demonstrated in !?). Two stage automatic summarization procedure was adopted for speech sentence
extraction and sentence compaction. The proposed methods were evaluated using both objective and subjective measures and
the investigated results revealed that the proposed methods are very effective than the state-of-the-art techniques.

In the history of Kannada language, for the first time, an end-to-end (E2E) ASR system was developed for accessing the real
time commodity prices information and weather forecasting in Kannada language/dialects ! and demonstrated the continuous
advancements 1214 in the performance of E2E ASR system in terms of speech recognition accuracy by proposing noise
reduction algorithm (2. Development of spoken-query-system (SQS) to recognize the Kannada continuous speech sentences
was demonstrated in (1), The authors have created a large vocabulary Kannada continuous speech data from 2400 speakers and
developed ASR models using Kaldi at various phoneme levels. The authors have achieved an accuracy of 95.9% for noisy speech
data and they have used this model in SQS. The authors further enhanced the recognition accuracy of continuous Kannada SQS
by integrating the noise reduction algorithm before speech feature extraction ). An ensemble of proposed noise elimination
algorithm (') and time delay neural network (TDNN) acoustic modelling technique has given a better improvement and
achieved an accuracy of 97.60% compared to earlier continuous Kannada SQS . An overview for developing E2E ASR system
was given in 18, The authors were described the comprehensive study on the techniques, algorithms, projects, tools, recent
contributions and future directions and scope in ASR systems using limited vocabulary. In1”), the authors have investigated
the optimal timing window duration for cepstral features extraction in ASR context. An ASR system for Kannada language
was considered for the aimed task and developed the same using HTK. The obtained experimental results were analyzed for
different time window lengths with existing literature results. The development ASR system for large vocabulary continuous
Kannada speech data was demonstrated in ??). The collected speech data was transcribed and validated for system training and
testing using Kaldi. The authors have achieved a WER of 4.64% using DNN-HMM. All our previous works 11717 described
the development of large vocabulary isolated and continuous E2E ASR systems for Kannada language/dialects. In this work, an
attempt is made to develop a continuous speech-to-text system for small vocabulary for Kannada language/dialects.
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The salient contributions made in the current work lies in:

 Creation of small vocabulary continuous speech Kannada speech data.

« Created the phoneme set and dictionary/lexicon for Kannada language/dialects.

o The collected speech data is transcribed, validated, and extracted the speech features.

o Development of small vocabulary continuous speech-to-text (SVCSTT) system for Kannada language/dialects.

The rest of the paper is summarized as follows: Section 2 gives the complete methodology for developing the of small vocabulary
SVCSTT system. The results and discussion are given in Section 3. The conclusions are depicted in Section 4.

2 Methodology

To create a robust ASR model, a Kannada continuous speech data is collected from 100 (Size of the database is 2000 continuous
Kannada speech sentences) farmers/speakers under field conditions. The IVRS call flow structure is designed to collect the
speech data and it is shown in Figure 1. Some of the continuous speech sentences used for data gathering is shown Figure 2.
Initially, the farmers/speakers need to dial the toll-free number to get connected with the speech data collection server. Once
it is connected, the server will play out the pre-recorded prompt that “Welcome to continuous Kannada speech data collection
center, please tell the names of continuous Kannada speech sentences after the beep sound”. In a particular session, server will
prompt 20 speech sentences and the farmer/speaker needs to repeat the same as server prompts. Once all the sentences have
been completed, the server will ask the farmer/speaker to repeat the procedure for one more time if he/she is not satisfied with
the speech data collection. If he/she says yes, then it will start with the initial step, otherwise the call will be terminated.

The dictionary/lexicon and phoneme set play a vital role in the recognition of speech under field conditions. Using the
phoneme set, a dictionary/lexicon is created at word and phoneme level. The schematic representation of mapping of Kannada
phonemes using the created phoneme set and dictionary/lexicon for the few Kannada continuous speech sentences are shown
in Figure 3 and Figure 4 respectively. The transcription of collected speech data is done at word level using the created phoneme
set. Some of the transcription of Kannada continuous speech sentences is shown in Figure 5.

Play welcome
message from server

Speakers/farmers
speech data

Continuous speech
recorded to server

data collection
under field conditions

Repeat the
process ?

——— e — — — — — — yes_-———_-

Fig 1. Speech data collection call flow structure
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English version of continuous Kannada speech sentences | Kannada Version

Adda godeya mele deepa itta haage og rieedod SheeS Bea ey Tort
Athi aase gathi gedu 03 3 13 ried

Bandaddella barali govindana daye irali 208638 8O ripedoss Bodh @O
AKKki mele aase nentara mele preeti 03, ee) 8T Foesd e 3ed
Beline eddu hola meyitante 28OS o) Boo SHedhdod
Haavu saayalilla kolu muriyalilla Bog) Te0hOY Breeed RndohOY
Veda sulladaru gaade sullagadu Ser DB Mot Dwyrich

Adikege hoda maana aane kottaru baaradu

B3 Bred SoR B B3 w0

Haagalakaayige bevinakaayi saakshi

Tzt WedSZd T

Enne bandaga kannu mucchhikondante

o wowen 3y Bwed deorod

Hiriyakkana chaali mane mandigella

LOME o9 R FodriY

Hoovininda naaru swarga seritu

BRAOT T Fyrie JedB

Bekkige chellata ilige praana sankata

B Bt 2O Dy Joses

Hana andre henavu baayi biduttade

B 008, B wodd VRDIBT

Maatu belli mouna bangara

S Y JPI wored

Tumbida koda tulukuvudilla

2003 38 DRLRIFHOY

Fig 2. Some of the continuous Kannada speech sentences used for data gathering

Label set using IT3: Corresponding Kannada Label set using Corresponding Kannada
F-8 phonemes ILSL12 phonemes

a oo [th [Ph |® & o} 3 a |oo | txh |ph ] & 3 3
aa |au |d |b |® B3 a3 » aa |au [ d | b E 3 <] »
i |k |dh [bh [® 3 3 3 i [k |dsh|{bh | ® 3 3 3
i |kh [nd |m |® 2 ) @ i |[kh |nx |m B 2 ) )
u [g |t y | i 3 ab u g |t & i 3 ab
w [gh [th |r on @ 3 g w |gh |[th |1 Nl ) 3 3
e c d 1 [N 3 [~] ) e |c d 1 a 3 [~] ©
ee [ch [dh |v [& 5} 3 3 ee |ch |[dh | w o o 3 3

ai | j n |sh | ® 3 3 3

o tx | p s [ ) 3 3

Fig 3. Phoneme set for Kannada language/dialects

Label set using 1T3: UTF-8

Label set using TLSL12

hand~a an:dre hend~avuu baayi bid:uttade

hanxa andare henxawuu baayi biduttade

huuvini:n:da naaru swarga seiritu

huuwininda naaru swarga sciritu

hiriyakkana chaal:i mane man:digella

hiriyakkanchaali mane mandgella

hittala gid:a maddalla

hittala gida maddalla

hut:t:u gund~a sut:a:t:aruu hoogolla

huttu guna suttaruu hoogolla

ollada gan:d:anige mosaralli kallu

ollada gandanige mosaralli kallu

raatri kan:d:a baaviili hagalu biddan:ge

raati kanda baaviili hagalu biddange

vinaasha kaalakke vipariita buddhi

winaasha kaalakke wipariita buddi

varadoo dud:d:u yallammana jaatre

yaradoo duddu yellammana jaatre

Fig 4. Dictionary for some of the continuous speech sentences

Tags: <pau> <aah> <hmm> <hm> <hm-hm> < 1> <vn> <babble> <horn> <bang> <bn>

\<bn> hut:t:u_gund~a_sut:t:aruu_hoogolla <vn> <babble>

MKNKK25A0003C001 veida_sul:l:aadaru_gaade_sul:l:aagadu
MKNKK25A0003C002 ad:ikege hooda_maana_aane kot:t:aru_baaradu
MKNKK25A0003C003 kai_kesaraadare_baayi_modaru
MKNKK25A0003C004 maatu_bel:l:i mauna ban:gaara
MKNKK25A0003C005 manege maari_pararige_upakaari
MKNKK25A0003C006 ad:d:a_good:eya_meile_diipa_it:t:a_haage
MKNKK25A0003C007 akki_meile_aase_nen:t:ara_meile_priiti
MKNKK25A0003C008 kaayakave_kailaasa

MKNKK25A0003C009 attegon:du_kaala_sosegon:du_kaala
MKNKK25A0003C010 bekkige chellaat:a ilige praand~a san:kat:a

Fig 5. Transcription of few Kannada continuous speech sentences using transcriber tool
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3 Results and Discussion

Kaldi is one of the most widely used speech recognition toolkits to develop robust ASR models for various types of
languages/dialects. The transcribed speech data is validated to make sure that there are no errors in the transcribed data. The
validated continuous Kannada speech data is subjected to extract the speech features using Mel frequency cepstral coefficients
(MFCC) technique. The 600 senons, 4, 8 and 16 mixtures of Gaussians and different acoustic modelling techniques are used
(monophone, triphonel and triphone2, SGMM, DNN+SGMM and DNN+HMM) in this work. The performance of the ASR
model is evaluated using WER. Using continuous Kannada speech data transcription, phoneme set, lexicon, silence phones and
Kaldi recipe, the achieved WER are shown in Table 1. From the Table, it can be observed that the hybrid modeling technique,
DNN+HMM is outperformed the other acoustic modelling techniques in terms of WER and has given a better accuracy of
speech recognition compared to the existing works !>120), This is since the vocabulary used for the system training and testing
is less and the outcome of the triphone 3 is given as input to the DNN. Once the DNN training is done, the decoding phase will
start by extracting the speech features using MFCC. The test features of speech are compared with the trained models. If the
features are matched with training and decoding, then the recognition of speech takes place. This procedure is continuously
considered till the completion test dataset. Once the testing phase is done, the DNN generates the decoding results in a log file.
The decoding results show the recognition of continuous Kannada speech sentences which is represented inFigure 6.

Table 1. Performance comparison of ASR models for continuous Kannada speech data developed by proposed methodology with the
existing work in terms of WERs.

Acoustic modelling WER achieved =~ WER achieved ~ WER achieved  Achieved WER in % for small vocabulary:
techniques in (15) in (16) in 20) Proposed work
Training and testing at 7.66 7.06 8.23 1.27
monophone level
Training and testing at 5.09 5.05 6.24 0.16
triphonel
Training and testing at 5.80 5.66 5.59 0.23
triphone2
Training and testing at 5.03 4.99 5.12 0.22
triphone3
SGMM 4.65 4.45 4.86 0.20
DNN+SGMM 4.21 2.96 4.59 0.19
DNN+HMM 4.10 291 4.56 0.15

il g el e

MEKNKK25A0003C001 veida_ u_gaade._

LOG (gmm-latgen-faster[$.5.1038~1-9af2¢]: DecodeUtterancel atticeFaster():decoder-wrappers.cc:375)
Log-like per frame for utterance MKNKK25A0003C001 is -3.37102 over 398 frames.
MKNKK25A0003C002 ad:ikege_hooda_maana_aane_kot:t:aru_baaradu

LOG  (gmm-latgen-faster[5.5.1038~1-9af2c]: DecodeUtierance LatticeFaster():decader-wi ce375)
Log-like per frame for utterance MKNKK25A0003C002 is -3.7327 over 398 frames

MKNKK25A0003C003 kai_kesaraadare_baayi_modaru

LOG  (gmm-latgen-faster]5.5.1038~1-9af2¢]:DecodeUtieranceLatticeFaster(ydecoder-wrappers.ce:375)
Log-like per frame for utierance MKNKK25A0003C003 is -3.30207 over 398 frames.

MKNKK25A0003C004 maatu_bel:1:i_mauna_ban:gaara

LOG  (gmm-laigen-faster]5.5.1038~1-9af2c]:DecodeUtieranceLatice Faster( ydecoder-wrappers.ce:375)
Log-like per frame for uticrance MKNKK25A0003C004 is -3.23906 over 398 frames

MKNKK25A0003C005 manege_maari_pararige_upakaari

LOG  (gmm-laigen-faster]5.5.1038~1-9af2¢]: DecodsUtterance Lattice Faster i decoder-wrappers.ce:375)
Log-like per frame for utterance MKNKK25A0003C005 is -3.55567 over 398 frames.

MKNKK25A0003C006 ad:d:a_good:eya_meile_diipa_it:t:a_haage

LOG (gmm-latgen-faster5.5.1038~1-9af2¢]: DecodeUtierance LatticeFaster():.decoder-wrappers.cc:375)
Log-like per frame for utterance MKNKK25A0003C006 is -3.63493 over 398 frames.

Fig 6. Offline recognition of continuous Kannada speech sentences
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4 Conclusion

A demonstration of continuous speech-to-text system for Kannada language/dialects is presented in this work. The speech data
was gathered from 100 speakers for creating a SVCASR models. The transcription and validation procedures were adopted
for extracting the speech features using MFCC. The system training and decoding using Kaldi was done by considering the
three acoustic modelling techniques such as monophone, triphonel and triphone2, triphone3, SGMM, DNN+SGMM and
DNN+HMM. With the recipe of Kaldi and the resources of Kannada language, a least WER of 0.15% was achieved using
DNN+HMM. The experimental evaluations revealed that the combination of DNN+HMM has outperformed the other acoustic
modelling techniques in terms of WER and the results obtained using the proposed methodology has been compared with
existing works. Further, the performance of SVCSTT system is evaluated by offline recognition of continuous Kannada speech
sentences. In future, further effort will be made to recognize the speech sentences under real time conditions using the developed
SVCASR models.
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