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Abstract— An ASR system is built for the Continuous Kannada 

Speech Recognition. The acoustic and language models are creat-

ed with the help of the Kaldi toolkit. The speech database is created 

with the native male and female Kannada speakers. The 75% of 

collected speech data is used for training the acoustic models and 

25% of speech database is used for the system testing. The Perfor-

mance of the system is presented interms of Word Error Rate 

(WER). Wavelet Packet Decomposition along with Mel filter bank 

is used to achieve feature extraction. The proposed feature extrac-

tion performs slightly better than the conventional features such as 

MFCC, PLP interms of WRA and WER under uncontrolled condi-

tions. For the speech corpus collected in Kannada Language, the 

proposed features shows an improvement in WRA of 1.79% over 

baseline features.  

 

KEYWORDS: Wavelet Packet Decomposition, Acoustic Models, 

Hidden Markov Model and Deep Neural Networks. 

1. INTRODUCTION 

The frequent pauses between the speech sounds of a speech signal 

portrays its unique characteristic that distinguishes it from all other 

signals. The speech database created in uncontrolled conditions of 

the environment must be processed to implement a robust automatic 

speech recognition system. Speech is an important and efficient tool 

of communication. The speech research drawn the attention of 

infinite researchers and has emerged as one of the important 
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multidisciplinary research areas in the recent decades. Speaker 

Independent Speech recognition is the task of identifying the spoken 

word or sentence irrespective of the speaker. The speech recognition 

has been performed over the several languages. The UNESCO atlas 

of the world languages danger report-2009, describes that about 197 

Indian languages are in critical situation of being extinct. According 

to Indian census report Percentage of people speaking local 

languages has drastically reduced[1]. Speech recognition system is 

implemented for Assamese Language. The vocabulary size is 10 

Assamese words, The task of speech recognition is achieved using 

Hidden Markov Model, I-vector technique and Vector quantization 

technique. A 39-dimensional features are derived using Mel 

Frequency Cepstral Coefficients, Delta-Coefficients, Acceleration 

Coefficients. The Novel Fusion technique outperforms the 

conventional techniques such as Hidden Markov Model, I-Vector 

Techniques and Vector Quantization Technique by achieving speech 

recognition accuracy of 100%[1]. The ASR system developed and 

evaluated using a moderate Bengali speech. Then 39-dimensional 

features are extracted and used to train triphone based HMM 

technique. The system was able to achieve an accuracy of 

87.30%[2]. The speech recognition system is developed for Bangla 

accent. The Mel LPC features and their delta. The HMM modeling, 

lead to 98.11% recognition accuracy [3]. A Hindi isolated word 

recognition system is realized with LPC features and HMM 

Modeling and an accuracy of 97.14% was achieved corresponding to 

the word “teen” [4]. Another isolated word recognition system was 

realized with MFCC features and HTK Toolkit for Hindi language. 

An accuracy of 94.63% and a WER of 5.37% was achieved [5]. A 

connected word speech recognition system for Hindi language was 

proposed using MFCC features and HTK Toolkit. An accuracy of 

87.01% was achieved [6].  

An isolated digit recognition system was designed using MFCC fea-

tures and HTK Toolkit for Malayalam isolated words to achieve an 
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accuracy of 98.5% [7]. LPCC, MFCC, Delta-MFCC, Acceleration 

coefficients and vector quantization is utilized to build a speaker 

identification system to yield an accuracy of 96.59%. There is boost 

in the performance of the system by 3.5% accuracy during testing 

stage with a consideration to text dependent system[8]. An automat-

ic language identification task is achieved among five Indian lan-

guages. The languages selected were are Hindi, Kannada, Telugu 

and Tamil. All the utterances are created from five native female 

speakers and five native male speakers. The cepstral features are de-

rived from the speech signals and vector quantization technique 

based on the codebook concept is used to achieve the task of classi-

fication. The system achieved an recognition accuracy of 88.10% in 

recognizing spoken Kannada sentences[9]. A word recognition sys-

tem was built for Punjabi language. The LPC feature vectors were 

extracted from speech signals. The vector quantization and Dynamic 

time warping techniques were used for implementing the speech 

recognition system. Experiments were carried out for different code 

book sizes from 8 to 256. The system was able to achieve a accuracy 

of 94%[10].  

A speaker recognition system was developed for two speech data-

bases. One speech database is created using microphone speech and 

other speech database is telephone speech. MFCC features are used 

with the Linear discriminant Analysis technique, Co-variance Nor-

malization, used to train the support vector machines classifier  and 

cosine distance scoring[11]. The speech signal is a complex signal 

has information of vocal tract and the excitation source. To extract 

the excitation source information, the Linear Prediction Residual 

subjected to processing. The LP residual, Phase and Magnitude 

components are processed at three different levels, segmental level, 

sub-segmental level and suprasegmental level to derive the language 

specific excitation source information. The Gaussian Mixture Mod-

els are used to perform the classification task[12]. The literature re-
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veals that the Kannada ASR system has not been experimented with 

Perceptual Wavelet Packet features so far. This approach  is one of 

the first over Kannada language by augmenting the implementation 

of Perceptual Wavelet Packet features over the Kaldi toolkit. The 

organization of the article is as follows: In section 1 and 2 provides 

introductory information towards automatic speech recognition and 

some of the important works presented in the literature. Section 3 

describes about feature extraction methods. 

2. RELATED WORKS 

The automatic speech recognition (ASR) system is able to provide 

100% accuracy under clean environment. But, its performance is 

degrades significantly when the spoken utterances gets contaminated 

by the presense of background noise or mismatch in acoustic 

features extracted from noisy or clean condtions [13, 14, 15] and 

mismatch in the labelled speech data used to train the classifier [16]. 

Hence, the performance of ASR system is constrained by two 

choices namely,  correct labelling of speech data and selection of 

acoustic features. The well known acoustic features for speech 

recognition is Mel-frequency cepstral coefficients (MFCCs). 

MFCCs are extracted from the Mel filter banks[17]. MFCCs are 

obtained using short time Fourier transform (STFT). The mel 

cepstral coefficients are computed by allowing speech signal to pass 

through a bank triangular shaped filters having passbands slightly 

overlapping with adjacent passbands and to obtain a smooth 

spectrum[18,19]. Spectrum is subjected variations as the impact of 

background noise increases[18,20]. The popular MFCC technique 

consists of STFT. The STFT has a requirement that the signal to be 

processed must be stationary over short interval of time i.e.,semi-

periodic signals[21]. Due to the trade-off between time-frequency 

resolution, it is not easy to detect phones that happen with a rapid 

burst in a slowly changing signal [22,18,20]. This problem of time-

frequency resolution is alleviated by using wavelet transform(WT) 
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[23,24,25]. The major benefit of using wavelet transform is that, 

unlike using single fixed sized analysis window in STFT, it uses 

windows with variable duration. The high frequency portion of the 

speech signal is processed by the short duration window, whereas 

the low frequency part of the speech signal is processed by the long 

duration window[24,26-27]. Thus by applying wavelet transform to 

a speech signal, it can be inspected for the presense or absence of 

sudden burst (stop phonemes) in a slowly changing signal[20,22]. 

The conventional wavelet filter bank performed well for phoneme 

recognition tasks[20]. Because of the fixed resolution of frequency 

in time-frequency plane, the STFT was not able to find voiced stop 

due to their characteristic of rapid burst at higher frequencies[20,22].  

Multi-resolution potential of wavelets was enormously utilized by 

many research professionals for feature extraction and demonstrate 

their benefit for several applications such as, Biomedical application 

like ECG[28,29], Speech enhancement[30, 31], EEG[32, 33] and 

Phoneme recognition[20,22,34].  

3. METHODOLOGY  

3.1 PREPOROCESSING 

The preprocessing functions like framing, windowing and pre-

emphasis are applied to all the wave files in speech database. The 

frame duration and frame overlap are choosen as 20msec and 10mes 

respectively, for performing framing and windowing. 

3.2 PROPOSED FEATURES 

The Multi-resolution property of the wavelet makes it appropriate 

tool for handling nonstatinary and semi-stationary signals. This 

transform can detect unvoiced sounds in the speech signal and it 

provides best desnoising characteritics. In the recent years, several 

feature extraction approaches have been invented for speech recog-

nition in uncontrolled environment. But, majority of these feature 

extraction schemes use Fourier transform to compute the spectrum. 
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The speech signal consist of voiced (periodic) and unvoiced (aperi-

odic) portions throughout its existence. It’s a popular fact that the 
STFT or windowed Fourier transform has fixed and uniform fre-

quency resolution with respect to the time frequency plane. There-

fore it is difficult for the methods relay on STFT to recognize sud-

den bursts in the slowly time varying speech signals. To problem is 

alleviated by the application of wavelet transforms in the speech 

recognition research [35,36,37,43-47]. The wavelet transform offers 

good frequency resolution.  

3.2.1 Theoretical Background of Wavelet Transforms 

Multi Resolution Analysis is an alternative way to STFT technique 

to analyze a signal. A mathematical scaling function is utilized to 

obtain a series of approximations to the signal. This principle has 

been considered by Wavelet Transforms (WT). A comparision of 

time- frequency resolution between STFT and WT is shown in Fig-

ure 1.  

3.2.2 Continuos Wavelet Transform (CWT) 

CWT of a signal x(t) is given by 𝐶𝑊𝑇𝑥Ψ(𝜏, 𝑠) = 1√𝑆 ∫ 𝑥(𝑡)Ψ∗(𝑡−𝜏𝑠 )𝑑𝑡∞−∞                          (1)  

From equation (17), the result of transformation is function of two 

variables, 𝜏 𝑎𝑛𝑑 𝑠 that describe the translation and scaling factor 

respectively, and Ψ(t) is mother wavelet. 

 

  
 

Fig. 1 Comparision of STFT with WT 



7 

The term wavelet is concatenation of two words ‘wave’ and ‘let’. 
Here wave is signal and let is short. The mother wavelet acts as a 

model or prototype to derive other window functions. The time 

information is captured by the variable 𝜏 and the parameter 𝑠 

specifies dialation or compression operation on the wavelet.  

3.2.3 Discrete Wavelet Transform (CWT) 

The CWT is more complicated for signal analysis, because it in-

volves significant computational resources. While DWT is less 

complicated in capture the signal information effectively[49]. The 

DWT of signal x(t) is defined as: 

 𝐷𝑊𝑇(𝑗, 𝑘) = 1√|2𝑗| ∫ 𝑥(𝑡)𝜓 (𝑡 − 2𝑗𝑘2𝑗 )∞
−∞                    (2) 

 

Mallat successfully demonstrated the method of wavelet 

decomposition by allowing a signal to pass through a series 

arrangement of low pass filter and high pass filter pairs. The multi 

resolution analysis of a signal is shown in Figure 2a and 2b shown 

below. Here, ℎ0(𝑛), ℎ1(𝑛) in the decomposition tree are low pass 

and high filter pairs respectively.   Similarly 𝑔0(𝑛), 𝑔1(𝑛) form the 

low pass and high pass filter pair in the reconstruction tree. 
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Fig. 2a The balanced 2-level analysis wavelet tree structure for 𝑎0  

 

 

 
 

Fig. 2b The balanced 2-level synthesis wavelet tree structure for 𝑎0  
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Fig. 3a The one level wavelet analysis and synthesis. ℎ0(𝑛) and ℎ1(𝑛) are a pair filters used for analysis, whereas  𝑔0(𝑛) and  𝑔1(𝑛) form another pair of  low, highpass filters 

respectively. These four filters have related as ℎ1(𝑛) =  (−1)𝑛𝑔0(1 −  𝑛), 𝑔1(𝑛)  =  (−1)𝑛ℎ0(1 −  𝑛)                             (3) 

Also, the symbols ↓2 and ↑2 presented in Figure 2a and 2b, denote 

the decimating and interpolating opertions carried out by a factor of 

2 respectively. A pair of one level analysis and synthesis trees are 

shown in Figure 3. In Figure 3, {𝑐0(𝑛)}n ∈ Z is the input applied the 

one level analysis and synthesis tree respectively[23]. 𝑐1(𝑘) = ∑ ℎ0(𝑛 − 2𝑘)𝑛 𝑐0(𝑛)                              (4) 

𝑑1(𝑘) = ∑ ℎ1(𝑛 − 2𝑘)𝑛 𝑐0(𝑛)                              (5) 

where 𝑐1(𝑘) and 𝑑1(𝑘) are known as the approximation space and 

the detail space respectively. These are created by the one  level 

wavelet analysis of 𝑐0(𝑛). The corresponding synthesis tree is 

shown in Figure 3 can be operated as 𝑐0(𝑚) = ∑[𝑔0(2𝑘 − 𝑚)𝑐1(𝑘)  + 𝑔1(2𝑘 − 𝑚)𝑑1(𝑘)]𝑘      (6) 
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3.2.4 Wavelet based acoustic feature extraction  

By repeating the iterative decomposition a desired binary wavelet 

packet tree is obtained. Various WP filterbank tree structures can be 

derived depending on application of interest. Wavelet features are 

extracted using Daubachies wavelet of order 4 (db4) [57]. Increaing 

the order of the mother wavelet may provide better results at ex-

pense of increased computational complexity. 

 

3.2.4.1 Mel Filter like WP Decomposition 

Farooq et.al.,[20] introduced 24-band Mel like Wavelet Packet 

Cepstral Features (WMFCC) The sound frequency 𝑓𝑐 is mapped to 

the mel frequency 𝑓𝑚𝑒𝑙 according to the following equation 

 𝑓𝑚𝑒𝑙 = 2595𝑙𝑜𝑔10 (1 + 𝑓𝑐700)                                   (7) 

 

A frame size of 25msec with a frame ovelap of 15msec was used to 

derive the WMFCC. Intially the speech frames are subjected to pre-

emphasis followed by windowing operation using Hamming 

window. Initially a balanced three level wavelet packet tree structure 

is derived. Here, the frequency axis is subdivided into eight sub-

bands each of 1KHz The low frequency subband in the range 0-

1KHz is again subjeted to three level balanced decomposition to get 

eight subbands each having a bandwidth of 125Hz. Which is almost 

close to 100 Hz Mel-filter. The subband with frequency range is 

decomposed into two level balanced WP coefficients, giving four 

subbands each having a bandwidth of 250Hz. The subbands in the 

range 1-1.25KHz and 1.25-1.5KHz are decomposed again, resulting 

in four subbands same bandwidth i.e., 250Hz. The subband of 3-

4KHz frequency range is again processed by level decomposition, 

resulting in two subbands of 3-3.5KHz and 3.5-4KHz respectively. 

The frequency bands with ranges 4-5KHz, 5-6KHz, 6-7KHz, and &-

8KHz are retained as it is. This results in 24-band Mel scale 

resembeled WP filter. The bandwidth of the 24 frequency bands 
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resulting after WP Decomposition does not exactly follow Mel 

scale[20] (see Table 1). 

Table 1 Comparision of frequency bands of 24-band Mel scale filters and Wavelet 

Packet sub-band 

 
Filters Mel 

Scale 

Wavelet 

Subband 

Filters Mel 

Scale 

Wavelet 

Subband 

Filters Mel 

Scale 

Wavelet 

Subband 

1 100 125 9 900 1125 17 2639 2750 

2 200 250 10 1000 1250 18 3031 3000 

3 300 375 11 1149 1375 19 3482 3500 

4 400 500 12 1320 1500 20 4000 4000 

5 500 625 13 1516 1750 21 4595 5000 

6 600 750 14 1741 2000 22 5278 6000 

7 700 875 15 2000 2250 23 6063 7000 

8 800 1000 16 2297 2500 24 6954 8000 

 

The frequency axis is divided with the intention of matching it to 

frequency response of the Mel scale. The 24-band wavelet packet 

sub-bands resemble 24-band Mel filters is shown in Figure 5[]. 
 

 

Fig. 5 24-band WP tree based on Mel scale 

 

The energy in each subband is calculated by 

 〈𝑆𝑖〉𝑘 = ∑ |𝜔Ψ(𝑥, 𝑘)𝑖|2𝑁𝑖                             (8) 

where, 𝜔Ψ(𝑥, 𝑘)𝑖 is wavelet packet coefficients of the signal 𝑥, 𝑖 is 

the subband frequency index (1 ≤ 𝑖 ≤ 𝑀), 𝑘 indicates the temporal 

frame and 𝑁𝑖 is the number of samples in the 𝑖𝑡ℎ suband. Similar to 

MFCC, the 24 energy coefficients are subjected to logarithmic 

compression. Finally, DCT is applied to all 24 coefficients and only 
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first 13 normalized DCT coefficients are considered as WMFCC 

features. The pictorial representation of the feature extraction 

process is shown in Figure 6 shown below. 

 

Fig. 6 Steps of acoustic WMFCC feature extraction technique 

 

3.2.4.2 Proposed PWP tree structure for feature extraction 

In this work we have proposed a 24-band wavlelet packet tree which 

is used to obtain the cepstral features. The feature extaction is 

carried out by proposing a 24-band Wavelet Packet (WP) tree 

structure after conducting repeated experiments. The WP tree 

structure shown in Figure 7. is the proposed WP tree structure for 

obtaining the features. 

 

Fig. 7 Proposed 24-band WP tree based on Mel scale 

The energy of the 24 band wavelt subbands are calculated. These 

coefficients are then logarithmically compressed and subjected to 

Discrete Cosine Transform. Discrete Cosine Transform (DCT) 
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basically achieves energy compaction. The outpus of DCT gives 24 

coefficients and only first 13 coefficients are used as cepstral 

coefficients. The Kaldi Toolkit is used to determine the delta and 

delta delta coefficients to form features of 39-dimension. 

3.2.5 ACOUSTIC MODELS 

The acoustic models are used to map the observed feature matrix 

with the desired phoneme sequences of the hypothesized sentence. 

The creation of acoustic models is usually accomplished by using 

the Hidden Markov Models (HMM). 

3.2.6 LANGUAGE MODELS 

The ASR systems utilize n-gram language models to facilitate the 

detection of exact word sequence through prediction of 𝑛𝑡ℎ word, 

utilizing (𝑛 − 1) previous words. Most popular n-gram language 

models are trigram (𝑛 = 3) and bigram (𝑛 = 2) language models. 

3.2.7 RECOGNITION  

The speech recognition task is achieved using Gaussian Mixture 

Model -Hidden Markov Model (GMM-HMM),Triphones 1, 

Triphones 2 and Triphones 3 and Deep Neural Network (DNN). 

3.2.8 HIDDEN MARKOV MODEL 

To determine the probability 𝑃 (𝑊𝑋 )  a 3-state Markov chain is used 

here. The 3- state Markov chain is displayed in the Figure 8. In the 

training phase, probality of system staying in a state (𝜋), probability 

of transition between states(A), and output probabilities (B) are 

determined applying Baum-Welch Algorithm. The HMM Acoustic 

Model for each word sequence is defind by using the equation 
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Fig. 8 A 3-state Markov Chain 
 𝜆 = (𝐴, 𝐵, 𝜋)                                        (9) 

 

The log-likelywood of every word sequence is estimated using 

Viterbi Decoding technique according to the equation 

 𝑣 ∗ = [𝑃 (𝑂|𝜆𝑣)],    1 ≤ 𝑣 ≤ 𝑉                      (10) 

 𝑉 is word length. 

 

3.2.9 PERFORMANCE ANALYSIS 

The recognition accuracy of any ASR system is determined using 

the popular metric word error rate and word recognition accuracy 

[24] given by equations (28) and (29) respectively. 

 𝑊𝐸𝑅(%) = (𝐷 + 𝑆 + 𝐼)𝑁 × 100(%)                        (11) 𝑊𝑅𝐴(%) = 100 − 𝑊𝐸𝑅(%)                            (12) 

Where N is the total number of words present in the test set and 𝐷, 𝑆 𝑎𝑛𝑑 𝐼 are erroes due to deletion, substitution and Insertion re-

spectively.  
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4. DATABASE 

The Kannada speech Database consisting of isolated digits from 

0-9, 20 isolated wods and 500 continuous speech sentences which 

includes combination of read speech and spontaneous speech and 

native language accents have been used as text script for creating the 

database.  The database consists of 100 speakers. The continuous 

speech is of 15 hours database. The database is recoreded in the nat-

ural environment in the presense of room noise, vehicle noise hap-

pening nearby road at a distance of 5 meters from the recording 

room. The tools used for recording the database is Matlab R2019b 

software on Dell Laptop. The speech data has been collected at a 

sampling rate of 16KHz, 16-bit resolution and Mono recordings. The 

table indicates the 50 sample sentences from the speech database 

along with its goolgle transcription. The lexicon is created using In-

dian Language Symbol Labels version 3 (ILSLv3) prepared by 

Samudravijay, Indian Institute of Technology, Guwahati. The con-

tinuous speech database created here is according to the guidelines 

suggested by speech research experts from Indian Institute of Tech-

nolgy, Guwahati (IITG). The databsase is partitioned into training 

set and testing set. The 80% of the database is used for training the 

Acoustic Models and 20% of the database is used for testing the 

model.  

The database consists of 3 sets for Kannada Language namely: 

isolated digits through (0-9), isolated words, Continuous Kannada 

Speech consisting of Spontaneous Spoken Kannada Sentences also. 

The database consists of 3 sets for English Language namely: isolat-

ed digits (TIMIT) through (0-9), isolated words (TIMIT), Li-

brispeech of Continuous English Speech. The Kannada speech sen-

tences along with their transcription is provided in the Table 2. 

 

Table 2 The Kannada text sentences of the speech data collected and their 

corresponding transliteration. 

ಕೊನೆಯಲಿ್ಲ  ಮತ್ತೊ ಮೆ್ಮ  ವಾರ್ತೆಗಳ ಮುಖ್ಯ ಅಂಶಗಳು  

koneyalli mattomme vaartegala mukhyaamsagalu 

ಸಂಸತ್ತೊ ನ ಉಭಯ ಸದನಗಳಲಿ್ಲ  ರಾಷ್್ಟ ರಪತ್ತಗಳ ಭಾಷ್ಟಣ ಮೇಲ್ಲನ ವಂದನಾ ನಿಣೆಯದ ಚರ್ಚೆ 
ಆರಂಭ  

samsattina ubhaya sadanagalalli raastrapatigala bhaasanada meelina vandana nirnayada carce 

aarambha 
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ಆಧಾರ್ ಕಾಯೆ್ದ  ತ್ತದೆ್ದ ಪಡಿ ಸೇರಿ ಲೋಕಸಭೆಯಲಿ್ಲ  ಪರ ಮುಖ್ ಮೂರು ಮಸೂದೆಗಳು ಮಂಡನೆ  

aadhaar kaaide tiddupadi seeri lookasabheyalli pramukha mooru masuudegalu mandane 

ಸೇವಾವಲಯದಲಿ್ಲ  ಸುಧಾರಣೆ ತರುವ ಸಕಾೆರದ ಪ್ರರ ಧಾನಯ  ಆದಯ ರ್ತ ಮುಂದ್ದವರೆಯಲ್ಲದೆ 
ವಿದೋಸಂಗ ಸಚಿವಾ ಜಯಸಂಕರ್  

seevaavalayadalli sudaarane taruva sarkaarada praadhaanya aadyate munduvareyalide 

videesaanga sacivaa  Jayasankar 

ಮತ್ತೊ  ವಿಶವ ಕಪ್ ಕ್ರರ ಕೆಟ್ ಆಫ್ಗಾ ನಿಸೊ ನಕೆೆ  ಗೆಲಿಲು ಇನ್ನೂ ರ ಅರವತೆ್ಮ ರು ರನಾ ಳ ಗುರಿ ನಿೋಡಿದ 
ಬಂಗಿ್ಲದೇಶ  

mattu visvakap kriket aafgaanistaanakke gellalu innuura aravatmooru rangala guri niidida 

baanglaadeesa 

ಇಲಿ್ಲ ಗೆ ವಾರ್ತೆ ಪರ ಸರ ಮುಕಾೊ ಯವಾಯಿತ್ತ  

illige vaartaa prasaara muktaayavaayitu 

ವಾರ್ತೆಗಳ ವಿವರ ಸಂಸತ್ತೊ ನ ಉಭಯ ಸದನಗಳಲಿ್ಲಂದ್ದ ರಾಷ್್ಟ ರಪತ್ತಗಳ ಭಾಷ್ಟಣಕೆೆ  ವಂದನೆ 
ಸಲಿ್ಲ ಸುವ ನಿಣೆಯದ ಮೇಲ್ಲನ ಚರ್ಚೆ ಆರಂಭವಾಗಿದೆ  

vaartegala vivara samsattina ubhaya sadanagalallindu raastrapatigala bhaasanakke vandane sal-

lisuva nirnayada meelina carce aarambhavaagide 

ಈ ತ್ತಂಗಳ ಇಪಪ ತೊ ನೇ ರ್ತರಿೋಖಿನಂದ್ದ ಲೋಕಸಭೆ ಮತ್ತೊ  ರಾಜಯ ಸಭೆ ಜಂಟಿ ಅಧಿವೇಶನ ಉದೆೆ ೋಶಿಸಿ 
ರಾಷ್್ಟ ರಪತ್ತ ರಾಮನಾಥ್ ಕೂವಿಂದ್ ಅವರು ಭಾಷ್ಟಣ  ಮಾಡಿದೆ ರು  

ii tingala ippattane taariikhinandu lookasabhe mattu raajyasabhe janti adhiveesana ud-

deesisi raastrapati raamanaath koovind avaru bhaasana maadiddaru 

ಲೋಕಸಭೆಯಲಿ್ಲ  ಕಂದರ  ಸಚಿವ ಪರ ರ್ತಪ್ ಚಂದರ  ಸರಂಗಿ ಅವರು ಚರ್ಚೆಗೆ ಚಾಲನೆ ನಿೋಡಿದರು  

lookasabheyalli keendra saciva prataap candra saarangi avaru carcege caalane niididaru  

ಪರ ಧಾನಿ ನರಂದರ ಮೋದ ನೇತೃತವ ದ ಸಕಾೆರ ಕೈಗಂಡಿರುವ ಅಭಿವೃದಿ  ಕರ ಮಗಳು ಹಾಗು 
ಯೋಜನೆಗಳ ಪರ ಮುಖ್ ಅಂಶಗಳನ್ನೂ  ಉಲಿ್ ೋಖಿಸಿದ ಪರ ರ್ತಪ್  ಚಂದರ  ಸರಂಗಿ  

pradhaani nareendramoodi neetrutvada sarkaara kaigondiruva abhiruddi kramagalu haagu yoojane-
gala pramu kha amshagalannu ullekhisida prataap candra Sarangi 

ವಿವಿಧ ಯೋಜನೆಗಳಲಿ್ಲ  ನೇರ ಸೌಲಭಯ  ವಗ್ಲೆವಣೆ ಯೋಜನೆ ಯನ್ನೂ  ಜಾರಿಗೆ ತಂದರುವ 
ಸಕಾೆರ ವಯ ವಸೆ್ಥ ಯಲಿ್ಲ  ಮಹತವ ದ ಬದಲಾವಣೆ ತಂದದೆ  

vividha yojanegalalli neera saulabhya vargaavane yojaneyannu jaarige tandiruva sarkaara 

vyavastheyalli mahatvada badalaavane tandide  

ಎಂದ್ದ ಪರ ರ್ತಪ್ ಚಂದರ  ಸರಂಗಿ ಶಿ್ಲಘಿಸಿದರು 

endu prataap candra saarangi shlaaghisidaru  

ಉತೊ ಮ ಕಾಯೆಕರ ಮ ಮತ್ತೊ  ಯೋಜನೆಗಳ ಫಲವಾಗಿ ಏನ್ ಡಿ ಏ ಮೈತ್ತರ  ಕೂಟವನ್ನೂ  
ಮತದಾರರು ಪರ ಚಂಡ ಬಹುಮತದಂದ ಎರಡನೇ ಅವಧಿಗೆ ಆಯೆ್ದ  ಮಾಡಿದೆಾ ರೆ ಎಂದ್ದ 
ಹೇಳಿದರು  

uttama kaaryakrama mattu yojanegala phalavaagi en di e maitri kuutavannu matadaararu pracan-

da bahumatadinda eradane avadhige aayke maadiddare endu heelidaru 

ಆಕಾಶವಾಣಿ ವಾರ್ತೆಗಳು ಓದ್ದತ್ತೊ ರುವವರು ಹೇಮಂತ್  

aakaashavaani vaartegalu ooduttiruvavaru heemanth 

ಈ ಸಮಿತ್ತಯನ್ನೂ  ಎರಡುಸವಿರದ ಹದನೇಳರ ಜೂನ್ ಇಪಪ ತೊ ನಾಲೆ ರಂದ್ದ ರಚಿಸಲಾಗಿದೆ್ದ  
ದೇಶ್ಲದಯ ಂತ ಎಪಪ ತ್ತೊ  ಕಡೆಗಳಲಿ್ಲ  ಸಮಿತ್ತ ಸಭೆ ಸೇರಿ ಜನಾಭಿಪ್ರರ ಯ ಸಂಗರ ಹ ಮಾಡಿದೆ  

ii samiitiyannu eradsaavrada hadineelara juun ippattnaalkarandu racisalaagiddu deesaadyanta 

yeppattu kadegalalli samiti sabe seeri janaabipraaya sangraha  Maadide 

ದೇಶ ವಿದೇಶಗಳ ಶಿಕ್ಷಣ ತಜ್ಞರಿಂದಲೂ ಸಮಿತ್ತ ಅಭಿಪ್ರರ ಯಗಳನ್ನೂ  ಪಡೆದದೆ ಎಂದ್ದ ಹೇಳಿದರು  

deesa videesagala siksana tagnarindalu samiti abipraayagalannu padedide endu heelidaru 

ಎಲಿ  ರಾಜಯ ಗಳಲಿ್ಲ  ಹಂದಯನ್ನೂ  ಕಡ್ಡಾ ಯ ಭಾಷೆಯನಾೂ ಗ ಮಾಡಲು ಬಯಸುತ್ತೊ ೋರಾ ಎಂಬ 
ಪರ ಶ್ನೂ ಗೆ ಸಚಿವರು ಪರ ತ್ತಕ್ರರ ಯ್ದ ನಿೋಡಿ. 
ella raajyagalalli hindiyannu kaddaaya bhaaseyannaaga maadalu bayasuttiira emba prasnege saci-

varu pratikriye Nidi 
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ವಾಸ ಶಿಕ್ಷಣ ನಿೋತ್ತಯ ಕರಡನ್ನೂ  ಈಗಷೆೆ ಯೇ ಸಿದೆ ಪಡಿಸಲಾಗಿದೆ ಇದಕೆಾ ಗಿ ಜನರಿಂದ 
ಸಲಹೆಗಳನ್ನೂ  ಆಹಾವ ನಿಸಲಾಗಿದೆ  

vaasa siksana niitiya karadannu iigastee siddapadisalaagide idakkaagi janarinda salahegalannu aah-

vaanisalaagide  

ದಯವಿಟ್್ಟ  ಇದನ್ನೂ  ಓದ ಮತ್ತೊ  ಸುಧಾರಿಸಲು ಸಲಹೆಗಳನ್ನೂ  ನಿೋಡಿ, ಇದ್ದ ಕವಲ ಕರಡು: 
ಮಾತರ , ಸಕಾೆರದ ಅಂತ್ತಮ ನಿೋತ್ತಯಲಿ  ಎಂದ್ದ ಸಪ ಷ್್ಟ ಪಡಿಸಿದರು  

dayavittu idannu odi mattu sudaarisalu salahegalannu niidi idu keevala karadu maatra sarkaarada 

antima niitiyalla endu spastapadisidaru  

ಈ ವಾರ್ತೆಗಳನ್ನೂ  ಆಕಾಶವಾಣಿಯಿಂದ ಕ ೇಳುತ್ತದಿ್ದೇರಿ  

ii vaartegalannu aakaasavaaniyinda keeluttiddiiri 

ಚಾಲನಾ ಪರವಾನಗಿ ಪತರ ದಲಿ್ಲ  ಬದಲಾವಣೆ ಮಾಡಲು ಕಂದರ  ಭೂಸರಿಗೆ ಮತ್ತೊ  ಹೆದೆಾ ರಿ 
ಸಚಿವಾಲಯ ತ್ತೋಮಾೆನಿಸಿದೆ್ದ  ಸೆ ಟ್ೆ ಕಾರ್ಡೆ ಮಾದರಿಯ  ಪರವಾನಗಿ ಪತರ  ನಿೋಡಲು 
ನಿಧೆರಿಸಿದೆ  

caalana paravaanagi patradalli badalaavane maadalu keendra bhuusaarige mattu heddari saci-

vaalaya tiirmaanisiddu smaart kaard maadariya paravaanagi patra niidalu nirdariside 

ರಾಜಯ ಸಭೆಗೆ ಇಂದ್ದ ಲ್ಲಖಿತ ಉತೊ ರದಲಿ್ಲ  ವಿಷ್ಟಯ ತ್ತಳಿಸಿರುವ ಕಂದರ  ಭೂಸರಿಗೆ ಹಾಗು ಹೆದೆಾ ರಿ 
ಸಚಿವ ನಿತ್ತನ್ ಗಡೆ ರಿ 

raajyasabhege indu likhita uttaradalli visaya tilisiruva keendra bhuusaarige haagu heddari saciva 

nitin gadkari 

ಇಡಿೋ ದೇಶಕೆೆ  ಅನವ ಯವಾಗುವಂರ್ತ ಏಕರೂಪ ಮಾದರಿಯ ವಿನಾಯ ಸವನ್ನೂ  ಸಿದೆ ಪಡಿಸಿ 
ಗುಣಮಟ್ ದ ಚಾಲನಾ ಪರವಾನಗಿ ಪತರ  ನಿೋಡಲು ತ್ತೋಮಾೆನಿಸಲಾಗಿದೆ ಎಂದ್ದ ತ್ತಳಿಸಿದೆಾ ರೆ  

idii deesakke anvayavaaguvante eekaruupa maadariya vinyaasavannu siddapadisi gunamattada 

caalanaa paravaanagi patra niidalu tiirmaanisalaagide endu tilisiddare 

ಚಾಲನಾ ಪರವಾನಗಿ ಪತರ ದ ಅರ್ಜೆ ಸಿದಿ ಪಡಿಸುತ್ತೊ ದೆ್ದ   

caalanaa paravaanagi patrada arji siddapadisuttiddu 

ಚಾಲನಾ ಪರವಾನಗಿ ಹಂದರುವ ಪರ ತ್ತಯಬಬ ರ ದರ್ತೊ ಂಶಗಳನ್ನೂ  ಈ ವಯ ವಸೆ್ಥ ಯಡಿ ಅಳವಡಿಕೆ 

ಮಾಡಲಾಗುವುದ್ದ 

caalana paravaanagi hondiruva pratiyobbara dattaamsagalannu ii vyavasteyadi alavadike maada-

laaguvudu 

ಪರ ಸುೊ ತ ಚಾಲನಾ ಪರವಾನಗಿ ಹಂದರುವ ಹದನೈದ್ದ ಕೊೋಟಿ ಜನರ ಮಾಹತ್ತ ಲಭಯ ವಿದೆ labhya-

vide 

prastuta caalana paravaanagi hondiruva hadinaidu kooti janara maahiti 

ಸೆ ಳದಲಿ್ಲಯೇ ಪರವಾನಗಿದಾರರ ಸಮಗರ  ಮಾಹತ್ತ ಒದಗಿಸುವ ಭವಿಸಯ ದ ಇದಾಗಿದೆ 

staladalliye paravaanagidaarara samagra maahiti odagisuva bhavisyada idaagide  
ದೇಶದಲಿ್ಲ  ಸಣಣ  ಸೂಕೆ್ಷ  ಹಾಗೂ ಮಧಯ ಮ ಉದಯ ಮಗಳ ಸಂಖ್ಯಯ ಯನ್ನೂ  ವಿವಿಧ ಯೋಜನೆಗಳು 
ಹಾಗು ಮತ್ತೊ  ಕಾಯೆಕರ ಮಗಳನ್ನೂ  ಸಮಪೆಕವಾಗಿ ಬಳಸಿಕೊಳಳ ಲು ಕಂದರ  ಸೂಕೆ್ಷ , ಸಣಣ  
ಹಾಗೂ ಮಧಯ ಮ ಸಚಿವಾಲಯ ಮುಂದಾಗಿದೆ  

deesadalli sanna suuksma haagu madhyama udyamagala sankheyannu vivida yoojanegalu haagu 

mattu kaaryakramagalannu samarpakavaagi balasikollalu keendra suuksma sanna haagu madyama 

sacivaalaya mundaagide 

ರಾಜಯ ಸಭೆಯಲಿ್ಲಂದ್ದ ಈ ಕುರಿತ ಪೂರಕ ಪ್ರಶ್ ೆಗ  ಉತೊ ರಿಸಿದ ಕಂದರ  ಸಚಿವ ನಿತ್ತನ್ ಗಡೆ ರಿ  

raajyasabheyallindu ii kurita puuraka prasenege uttarisida keendra saciva nitin gadkari 

ಈ ವಲಯಕೆೆ  ಉತೊ ಮ ಸಲ ಸೌಲಭಯ , ಸೂಕೊ  ಕೌಶಲಯ  ಮತ್ತೊ  ಆಧುನಿಕ ತಂತರ ಜಾಾ ನವನ್ನೂ  
ಒದಗಿಸಿ, ಸಂಪೂಣೆ ಪರಿಸರ ಸ್ಥೂ ೋಹ ವಯ ವಸೆ್ಥ  ಕಲ್ಲಪ ಸಲಾಗುವುದ್ದ ಎಂದ್ದ ತ್ತಳಿಸಿದೆಾ ರೆ  

ii valayakke uttama saala saulabhya suukta kausallya mattu aadhunika tantragnaanavannu odagisi 

sampuurna parisara sneehi vyavaste kalpisalaaguvudu endu tilisiddare 

ಪರ ಧಾನಮಂತ್ತರ  ಉದ್ಯ ೋಗ ಸೃಷ್್ಟ  ಯೋಜನೆ ಸೂಕೆ್ಷ  ಮತ್ತೊ  ಸಣಣ  ಉದಯ ಮವಲಯದ 

ಅಭಿವೃದಿ ಯಂತಹ ಪರ ಮುಖ್ ಕಾಯೆಕರ ಮಗಳನ್ನೂ ಅನ್ನಷೆ್ಠ ನಗಳಿಸಲಾಗುವುದ್ದ: 
ಪರ ಧಾನಮಂತ್ತರ   
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pradhaanamantri udyooga srusti yoojane suuksma mattu sanna udyamavalayada abhiruddiyantaha 

pramukha kaaryakramagalannu anustaanagolisalaaguvudu pradhaanamantri 

ಉದ್ಯ ೋಗ ಸೃಜನ ಯೋಜನೆ ಒಳಗಂಡ ಸಲಸೌಲಭಯ  ಕಲ್ಲಪ ಸುವ ಯೋಜನೆಯಾಗಿದೆ ಎಂದ್ದ 
ತ್ತಳಿಸಿದರು  

udyooga srujana yoojane olagonda saalasaulabhya kalpisuva yojaneyaagide endu tilisidaru 

ಸೇವಾವಲಯದಲಿ್ಲ  ಕಳೆದ ಐದ್ದ ವಷ್ಟೆಗಳಲಿ್ಲ  ತಂದ  ಸುಧಾರಣೆಗಳು ಮುಂದ್ದವರಿಯಲ್ಲವೆ 
ಎಂದ್ದ ವಿದೇಶ್ಲಂಗ ಸಚಿವಾ ಜಯಶoಕರ್ ತ್ತಳಿಸಿದೆಾ ರೆ  

seevaavalayadalli kaleda aidu varsagalalli tanda sudaaranegalu munduvareyalive endu videesaanga 

sacivaa jayasankar tilisiddaare 

ನವದೆಹಲ್ಲಯಲಿ್ಲಂದ್ದ ಏಳನೇ ದನದ ಅಂಗವಾಗಿ ಆಯೋರ್ಜಸಲಾಗಿದೆ  ಸಮಾರಂಭದಲಿ್ಲ  
ಮಾತನಾಡಿದ ಅವರು ದೇಶದ ಭದರ ರ್ತ ವಿಚಾರದಲಿ್ಲ  ರಾರ್ಜ ಆಗದೆ ವಿತರಣೆ ಪರ ಕ್ರರ ಯ್ದ ಹಾಗು 
ನಿಯಮಗಳನ್ನೂ  ಸರಳಿೋಕರಣಗಳಿಸುವುದನ್ನೂ  ಸಕಾೆರ ಮುಂದ್ದವರಿಸಲ್ಲದೆ ಎಂದ್ದ ತ್ತಳಿಸಿದರು  

navadehaliyallindu elane dinada angavaagi aayojisalaagidda samaarambhadalli maatanaadida 

avaru deesada bhadrataa vicaaradalli raaji aagade vitaraneprakriye haagu niyamagalannu saraliika-

ranagolisuvudannu sarkaara munduvarisalide endu tilisidaru  

 

4.1 KALDI TOOLKIT 

Kaldi is a open source toolkit designed excusively for building 

Acoustic Models (AMs) and Language Models (LMs) [41]. Kaldi is 

built using C++ programming language. The Kaldi toolkit can be 

run in windows as well as Linux based operating systems. But, the 

support for Linux based Kaldi tasks is very good compared to that of 

windows. The Table 3 presents the labels for kannada phones using 

syllable transliteration. There are four Dravidan languages. Kanna-

da, Telugu, Malayalam and Tamil.  Kannada is the most popular 

Dravidan language used in Karnataka state. This language consist of 

14 swara (vowels), 32 vyanhana (consonants), 2 part vowel, yoga-

vaahaka (part consonant). The labels used for building the lexicon 

for phonemes of the Kannada Language is shown in Table 2.  There-

fore, The Kannada language ASR system is developed by modeling 

the 46 phonemes. The labels are used from the Indian Speech Sound 

Label Set (ILSL12) is shown in Table 4. The lexicon for Kannada 

language is written by using ILSL12 label set shown in Table 5. 
 

Table 3 The labels using syllable transliteration tool (IT3 to UTF-8) for 

Kannada phones 

LABEL SET USING IT3:UTF-8 KANNADA PHONEMES 
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a oo t:h ph ಅ ಓ ಠ ಫ 

aa au d b ಆ ಔ ಡ ಬ 

i k d:h bh ಇ ಕ ಢ ಭ 

ii kh nd m ಈ ಖ ಣ ಮ 

u g t y ಉ ಗ ತ ಯ 

uu gh th r ಊ ಘ ಥ ರ 

e c d l ಎ ಚ ದ ಲ 

ee ch dh v ಏ ಛ ಧ ವ 

ai j n sh ಐ ಜ ನ ಶ 

o t: p s ಒ ಟ ಪ್ ಸ 

  

Table 4 The labels used from the Indian Speech Sound Label Set (ILSL12) for 

Kannada phonemes 

LABEL SET USING IT3:UTF-8 KANNADA PHONEMES 

a oo txh ph ಅ ಓ ಠ ಫ 

aa au dx b ಆ ಔ ಡ ಬ 

i k dxh bh ಇ ಕ ಢ ಭ 

ii kh nx m ಈ ಖ ಣ ಮ 

u g t y ಉ ಗ ತ ಯ 

uu gh th r ಊ ಘ ಥ ರ 

e c d l ಎ ಚ ದ ಲ 

ee ch dh w ಏ ಛ ಧ ವ 

ai j n sh ಐ ಜ ನ ಶ 

o tx p s ಒ ಟ ಪ್ ಸ 
  

Table 5 Dictionary for Kannada language is created by using ILSL12 label set 
 

TEXT TRANSCRIPTION LABEL SET USING ILSL12 

koneyalli k o n e y a llx i  

mattomme m a t t o mm e  

vaartegala v aa r t e g a lx  

mukhyamshagalu m u k h y aa nx s h a g a lx u 

samsattina s a nx s a tt i n a  

ubhaya u b h a y a 

sadanagalalli s a d a n a g a lx llx i  

raastrapatigala r aa s t r a p a t i g a lx 
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bhasanada b h aa s a nx d a  

meelina m ee l i n a  

vandana v a n d a n a  

nirnayada n i r nx y a d a  

carce c a r c e  

aarambha aa r a nx b h a 

vaartegala v aa r t e g a lx  

vivara v i v a r a  

samsattina s a nx s a tt i n a  

ubhaya u b h a y a  

sadanagalallindu s a d a n a g a lx llx i nx d u  

raastrapatigala  r aa s t r a p a t i g a lx  

bhaasanakke b h aa s a nx kk e 

vandane v a n d a n e  

sallisuva s a llx i s u v a  

nirnayada n i r nx y a d a  

meelina m ee l i n a  

carce c a r c e  

aarambhavaagide aa r a nx b h a v aa g i d e 

 

The dictionary is created by using ILSL12. Figure 10 represents the 

block diagram of the proposed features. 

 

Framing Windowing WT

Mel filter bankLogarithm
Discrete Cosine 

Transform

Speech 

Signal

Cepstral 

Features

 

 

Fig. 10 Block diagram of proposed features 
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Fig. 11 ASR system architecture 

The general architecture of ASR system is shown in Figure 11. 

The Table 6 provides the details of parameters used for acoustic 

modelling. The acoustic models are generated at Monophones, Tri-

phones1 and Triphones3 levels with number of jobs 3. The parame-

ters used to develop Acoustic Model are as follows: 

Table 6 Parameters of the Acoustic Models 

Patameters Specific to Acoustic Model  Triphone 1 Triphone2 Triphone3 

Number of Leaves 2500 2500 2500 

Number of Gaussian 20000 20000 20000 

5. RESULTS 

The results of developed ASR system is presented in this section for 

Monophones, Triphones1, Triphones2, Triphones3 and DNN-HMM 

Phoneme Models. The Table 7 gives the WER details for the Kan-

nada Isolated digit recognition task. The pictorial representation of 

Table 7 are presented in Figure 12. 

Table 7 Kannada Isolated digit recognition 

SET1_DIGITS Features-> MFCC PLP Proposed 

 

WER 

Mono 4.80 7.20 20.00 

Tri 1 2.80 5.60 10.40 

Tri 2 5.60 8.00 8.80 
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Tri 3 3.60 3.20 2.80 

DNN-HMM 4.40 4.00 2.80 

 

 

Fig. 12 Comparision of WER for Kannada Isoalted Digit Recognition over 

MFCC, PLP, Proposed features 

The Kannada isolated word recognition results and the correspond-

ing graph are presented in Table 8 and Figure 13 respectively. 

Table 8 Kannada Isolated Word recognition 

SET2_WORDS    Features MFCC PLP Proposed 

 

WER 

Mono 2.25 2.80 2.77 

Tri 1 1.30 2.46 3.08 

Tri 2 1.23 1.52 1.85 

Tri 3 0.92 1.30 1.23 

DNN-HMM 0.92 1.23 0.31 
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Fig. 13 Comparision of WER for Kannada Isoalted Word Recognition over 

MFCC, PLP, Proposed features 

Table 9 Continuous Kannada speech recognition using MFCC, PLP, Proposed 

features 

SET3_SENTENCES Features MFCC PLP Proposed 

WER  Mono 07.37 06.39 16.20 

Tri 1 08.07 07.35 08.96 

Tri 2 12.23 11.49 14.09 

Tri 3 08.01 07.17 07.01 

DNN-HMM 06.06 06.33 04.27 
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Fig. 14 Comparision of WER for Kannada Continuous Speech Recognition over 

MFCC, PLP, Proposed features 

The WER details for Continuous Kannada speech recognition for the 

speech data collected in uncontrolled conditions are presented in Ta-

ble 9 and Figure 14 respectively. In all the three sets of Kannada 

language a slight improvement in the performance can be observe 

with the proposed features over the MFCC and PLP features for 

DNN-HMM classifier. 

Table 10 English Isolated digit recognition 

SET4_DIGITS    Features MFCC PLP Proposed 

WER Mono 4.70 7.30 20.23 

Tri 1 2.60 5.70 10.40 

Tri 2 5.64 8.00 08.82 

Tri 3 2.23 2.28 02.20 

DNN-HMM 2.00 2.00 01.23 
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Fig. 15 Comparision of WERs for English Isolated Digit Recognition over MFCC, 

PLP, Proposed features 

The proposed features are also experimented with the isolated digits 

and isolated words extracted from the TIMIT database. The Table 10 

and Figure 15 describes the performance of proposed features over 

the MFCC and PLP features. The Table 11 and Figure 16 describe 

the performance of the proposed features over the MFCC and PLP 

features.A slight improvement in the performance can be observed 

in Table 11. 

Table 11 English Isolated word recognition 

SET5_WORDS Features MFCC PLP Proposed 

WER Mono 1.50 4.25 4.75 

Tri 1 1.39 4.00 3.25 

Tri 2 1.31 3.50 1.50 

Tri 3 1.25 2.25 1.00 

DNN-HMM 1.01 1.00 0.75 
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Fig. 16 Comparision of WERs for English Isolated Word Recognition over 

MFCC, PLP, Proposed features 

The proposed features are also experimented with standard Li-

brispeech corpus of 08 hours. A little improvement in the perfor-

mance can be observed for the proposed features over the baseline 

features such as MFCC and PLP. The WER details are recoreded in 

the Table 12 and Figure 17. 

Table 12 English Continuous speech recognition recognition 

SET6_SENTENCES Features   MFCC    PLP    Proposed 

WER Mono 62.04   61.17 77.21 

Tri 1    38.75   37.72 69.95 

Tri 2    35.49   35.40 40.33 

Tri 3    30.86   30.29 30.26 

DNN-HMM    30.68  35.20 30.42 

 

The Proposed ASR system is also tested with the unseen data con-

sisting of 512 sentences of different combinations of words. A sam-

ple of 20 sentences are shown in the Table 13 and the results of the 

experiment are included in the Table 14 
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Fig. 17 Comparision of WERs for English Continuous Speech Recognition 

over MFCC, PLP, Proposed features 

 

Table 14 Comparison of WER among MFCC, PLP and proposed features on 

Kannada database 

TASKS (53-55) Features  MFCC    PLP    Proposed 

WER 

Mono 07.80 07.40 10.40 

Tri 1 04.40 04.00 05.60 

Tri 2 03.20 03.80 02.80 

Tri 3 02.80 03.20 02.40 

DNN-HMM 02.60 03.00 02.20 

 

6. CONCLUSION 

The ASR work carried out in this paper are as follows.  

• We have experimented the conventional as well as proposed 

feature extraction technique over Monophone Models, Tri-

phones1, Triphones2, triphones3 and DNN-HMM.  

• The database consists of 3 sets for Kannada Language namely: 

isolated digits through (0-9), isolated words, Continuous Kan-
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nada Speech consisting of Spontaneous Spoken Kannada Sen-

tences also.  

• The database consists of 3 sets for English Language namely: 

isolated digits (TIMIT) through (0-9), isolated words (TIMIT), 

Librispeech of Continuous English Speech.  

• In the experiments conducted over isolated digits and words 

taken from collected data of Kannada Language and from 

TIMIT data, the proposed features achieved significant im-

provement in the performance over the baseline features such as 

MFCC, PLP.  

• For the experiments on collected Kannada Continuous Speech 

and Librispeech the proposed features are shown to perform 

better than the conventional features such as MFCC and PLP 

features. 

• The Proposed ASR system is tested with the unseen data of 512 

sentences and the performance on this test data set reveals that 

the proposed system performs better than the conventional fea-

tures such as MFCC and PLP features. 
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Table 13 Continuous Kannada speech sentences (unseen data) used for only for 

testing Kannada ASR system. 

Sl. 

No. 

Kannada  

Sentence  

Kannada Transcription English 

Translation 

1. ನಮಮ ಜೇವನದ ಪ್ರಯಾಣ 
ತ ುಂಬಾ ಕಷ್ಟ 

Nam'ma jīvanada prayāṇa tum-
bā kaṣṭa 

The journey of our life is 
very difficult 

2. ಆರ  ೇಗಯ ಮ ಖಯ ಎುಂದ  Ārōgya mukhya endu kathe bari Tell the story that health 
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ಕಥ  ಬರಿ is important 

3. ನಿನೆ ಮ ುಂದ್ನ ಪ್ರಯಾಣ 
ಏನ ೇ ಇರಲಿ 

Ninna mundina prayāṇa ēnē 
irali 

 
whatever your next 

journey 

4. ಆದರ  ನಿನಗ  ಇಲಿಿ 
ಎಲಕಿ್ಕುಂತ ಕಷ್ಟ 

Ādare ninage illi ellakkinta 
kaṣṭa 

 
but it's hard for you here 

5. ಆದರ  ನುಂಬಿಕ  ನಿನಗ  
ತ ುಂಬಾ ಮ ಖಯ 

Ādare nambike ninage tumbā 
mukhya 

But faith is very im-

portant to you 
 

6. ಮ ುಂದ್ನ ಪ್ರಯಾಣ 
ಯಾವುದ  ಎುಂದ  ಬರಿ 

Mundina prayāṇa yāvudu endu 
bari 

Write about the next 

journey 
 

7. ನಿನೆ ಮ ುಂದ್ನ ಕ ಲಸ ಏನ ೇ 
ಇರಲಿ 

Ninna mundina kelasa ēnē irali Whatever your next job 

 

8. ಆದರ  ಬಡವರ ಜೇವನದ 
ಬ ಳಕ  ಏನ  

Ādare baḍavara jīvanada beḷaku 
ēnu 

But what is the light of 
the life of the poor 

9. ಅವರ ಜೇವನ ಬರಿ ಅಸತಯ 
ಕಥ  

Avara jīvana bari asatya kathe His life is simply untrue 

 

10. ಆದರ  ನನೆ ಕಥ  ಇಲಿಿ 
ಮ ಖಯ 

Ādare nanna kathe illi mukhya But my story is im-

portant here 

11. ಕ  ನ ಯಲಿಿ ಮತ  ಮಿ್ಮಮ 
ಸ ದ್ದಗಳ ವಿವರವಿದ  

Koneyalli mattomme vaartegala 

vivara 

At the end is the detail 

of the news once again 

12. ಮತ  ಿಮ್ಮಮ ಸುಂಸತ್ತನಿ 
ಸದನಗಳಲಿ ಿ

Mattomme samsattina 

sadanagalalli  

Once again in the houses 

of parliament 

13. ವಾತ ೆಗಳ ವಿವರ ಆರುಂಭ Vaartegala vivara aarambha The beginning of the 
news detail 

14. ಮಾತ್ತನ ಮ ಖಯ ಅುಂಶಗಳು Bhaasanada mukhyaamshagalu The main elements of 

talk 

15. ಸುಂಸತ್ತನಿ ಮ್ಮೇಲಿನ 
ನಿಣೆಯದ ಚರ್ ೆ 

Samsattina meelina nirnayada 

carce 

The debate on the reso-

lution on parliament 

16. ವಾತ ೆಗಳ ಚರ್ ೆ ವಿವರ 
ಆರುಂಭ 

Varthegala carce vivara aaram-

bha  

Beginning of the discus-

sion of the news 

17. ಸದನಗಳಲಿಿುಂದ  ಉಭಯ 
ಸುಂಸತ್ತನಿ 

Sadanagalallindu ubhaya sam-

sattina 

Dual parliament in the 

house 

18. ರಾಷ್ರಪ್ತ್ತಗಳ ಮ್ಮೇಲಿನ 
ವುಂದನ  

Raastrapatigala meelina van-

dane 

Salute to the president 

19. ಭಾಷ್ಣಕ ಕ ಸಲಿಸಿಬ ೇಕಾದ 
ವಿವರಗಳು 

Bhaasanakke sallisuva vivara Details to submit to the 

speech 

20. ನಿಣೆಯದ ಚರ್ ೆ 
ಆರುಂಭವಾಗಿದ  

Nirnayada carce aarambhavaa-
gide 

The resolution debate 
has begun 
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