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Abstract—In the recent years the Automatic speech recognition systems have made vivid acts.
Still, the key to making recognition more robust is to reduce the difference between training
and testing with speech that commonly held. The postulation of ASR (Automatic speech
recognition) is becoming less and less feasible, because ASR applications change from firmly
measured to more usual situations with a erratic number of random sound bases. Decoding the
speech source of interest while listening to several sound sources at the same time seems a more
accurate description of the ASR process with different features that suits these challenging
environments. The aim is to compare the accuracy with different features at different instance
for robust ASR into two sub-problems:(a) identification/separation of the speech and noise
using speech properties alone and (b)recognition based on the comparison of the accuracy and
entropy. The basic assumption is that some regions of the speech time-frequency representation
remain relatively unaffected by the noise, that they can be identified and that they alone are
sufficient for ASR. In contrast to conventional techniques which require models of all sources in
the auditory scene and their subsequent decoding even when only one of the sources is of
interest, the techniques described in this paper make no such requirement. However, they are
flexible enough to use this information if itis available. In the adaptation of a conventional
Hidden Markov model (HMM) based ASR system two techniques are used for partial
indication: (i) down grading of the state dispersals, so that only the likelihood of the reliable
sections are evaluated; and (ii)attribution of the undependable sections by replacing the
unreliable features with a single point from the community restricted deliveries. In the
experiments, the reliable features are identified via clustering accuracy derived through K-
means clustering. The potential of the techniques is indicated by using the clean speech to
identify the reliable regions in the noisy speech.

Index Terms— Speech, Assamese, K-means, Accuracy, Vowels and Cluster.

|. INTRODUCTION

Now a day’s ASR systems perform very well enough in many areas of applications. Still, changing the
applications from tightly controlled to real world environments remains a challenge. The resettlement detects
many problems of ignorance about how to model the sources of speech unpredictability in changing auditory
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environment, earlier enclosed by the assumption of a calm environment and single source auditory vista. The
aim of this paper is to present and discuss various features that have been used to increase the solidity of the
ASR systems. Introducing some factors contributing to the speech inconsistency along with the changeability
due to noise. Subsequently, it has been introduced the notion of an acoustic environment to describe the
interaction between the speech and the noise. There are many ways like speech, hand motions, facial mien etc.
that people communicate with each other. Among all these, speech is measured as the most important means that
we use, because it simplifies communication that is the most widely used by the people. Several letters turn into
several words accompanied by vocal sounds, that make a speech and that results in the best way of message
passing. In objects of air or in empty and non-living form of waves, the speech can be spread. Also, in the form
of small circles of the sound source or a wave that overlaps between them, which is characterized and then
extends these circles gradually until they completely vanish while spreading over elongated distances. For the
speakers, who talk the same language i.e., the sender and recipient have the same keys to decipher the meaning
of the message then the ‘Logical Speech’ is used. This phenomenon has been applied by the researchers and
developed it as a base in the communication between humane and the machine where the sound has helped to
facilitate the use of the machine. Automatic speech recognition has developed the artificial intelligence seeking
to create very flexible methods of handling the machine and allowing the user to communicate and exchange
information without using known input/output units like the keyboard. Also, in several areas, such as the caring
some disabled person, cars while driving, anguish calls etc., voice-based input/output techniques are very
convenient.

We conclude with a summary of clustering techniques with best effective feature through this paper. However,
the value of the summary in assessing the relative merits of the techniques is limited. The researchers have been
using vastly different systems and speech corpora, leading to inability to compare the techniques across different
research groups [1].

A. Origin of Speech Inconsistency

Some common reasons for unpredictability in speech are:(a) ineffective with noise (additive, convolution,
resonance); (b) talking stylishness (Lombard consequence, talking rate); (c) inter utterer differences (speech
superiority, arena, gender, talk); (d) framework (negotiation, transcription, conversation). The degradation
occurring due to “cleaning” are particularly harmful as they are non-linear, unnatural and their extent is hard to
quantify in advance. On the other side, the present statistical ASR systems are quite sensitive to degradation
producing data unseen during the training (the problem of statistical “outliers”).

B. Speech Enhancement

Techniques from this class aim to reduce the statistical difference between clean training and noisy testing
features using some apriori knowledge about the speech, the noise and/or the way they combine. All systems
today use some of the techniques from this class. Most of them originate from attempts to improve speech
intelligibility. They all introduce a new problem to the robust ASR as well: the “boosted” or “dressed” to deal
with noise reduction, speech may be more comprehensible to the humans.

Voice quality improvement is mostly striking when other ASR system apparatuses can’t changed [2]. One way
to limit the damage is to train the ASR system on “cleaned” clean speech so that the statistical models train to
handle the degradation. Another possibility is to modify the enhancement process in such a way to balance the
enhancement and the degradation of the speech. The ASR can also be defined as graphical depictions of
frequencies produced as a time function. Speech fusion, dispensation and utterer credentials are involved in all
speech processing techniques. To create speech lines or to make speech communication in many cases Speaker
verification is very essential. Some of the applications of Speech recognition are listed below:

> Voice services: speaking clock, weather, race results, etc.,
> Quality control, data entry.
> Avionics, Training

> Disabled assistance, Vocal dictation
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Now a days, in mobile phones or in cars: car radio, air-conditioning, on-board navigation on the Internet with
voice commands voice recognition modules have been implanted.

Wiener filtering is commonly used as alternative or complementary technique to spectral subtraction for
removing additive noise. The filter is designed to minimize the minimum mean square error in time domain. It is
a maximal likelihood filter if the distributions of the speech and the noise are Gaussian [2].

C. Characteristics of Speech Recognition System

In the voice recognition systems, many variables are involved and we must be familiar with the variables.
Otherwise, it’s very difficult to choose appropriate algorithm for the process using the proper functioning of
the variables:

Common studies injunctions some types of Speech, which are mainly of four types:

1. Isolated Words: This type usually requires a quiet (silence state) between utterances.

2. Connected Words: Word systems are similar to isolated words, the only difference between themes to allow
separate words to “run-together” with a minimum of pausing between them.
3. Continuous Speech: The users of this type talk almost normally, while the computer selects the content. It is
one of the most difficult systems. Speech vocabularies are as follows: --

> Bundle of words (Small vocabulary)

> Hundreds of words (Medium vocabulary)

» Thousands of words (Large vocabulary)

» Tens of thousands of words (Very-large vocabulary)
4. Dependency of Speaker

e Systems that require the user to train the system according to the user’s voice (Speaker dependent

system).
e Systems developed for any speaker (Speaker independent system).
o Developed to adapt to the characteristics of new speakers (Speaker adaptable system).

I1. BACKGROUND OF THE ASSAMESE LANGUAGE

The Assamese language has a root at Indo- Iranian sub family. It has total three allied languages. They are---
Hazong, Bisnupuria and Sakma. Hazong is used by some local people of the Goalpara district of Assam, Garo
hills of Meghalaya and north border of Bangladesh. All of them have some similarity with modern Assamese.
Root of the Assamese language is Indo- European family of languages. The eminent linguistic of Assam Dr. B.
K. Kakoti pointed out in his Ph.D. Thesis “Assamese: Its formation and Development” that there are some words
in Assamese which are imported from Indo-Chinese family of language. Bisnupriya language is spoken by
people of Barak valley and its originis at Bangladesh. All Indo-European languages has at least few similarity
with Assamese language. For example =, S, ¥ phonemes are found only in Assamese language, not in any other
Indian languages. But many words of these three pronunciations are available in Pharusee, Germany, Scotish or
Greek .They are entering to Assamese alphabet from German. Again the language bears some similarity with
North-East Asian language Ainu used by the Japanese. It is the ancient language of Japan. Due to migrants from
north India and for Hindu religion fast spreading in this area, the Assamese is greatly influenced by Sanskrit.
Sanskrit is basically Drabir based language, so there is vast use of cerebral pronunciation. Cerebral pronunciation
is not found in Assamese or European languages. Depending upon geographical variation dialect also varies
from place to place and time to time. This is also noticed that in most of the Indian languages if two consonant
occurs together in front of a word, pronunciation converts to one. Actually, all these are characteristics of a
language influenced by geographically different areas. The ASSAMESE phonemic structure consists of eight
vowels, ten diphthongs, twenty-one consonants and two semi vowels. Bisnupriya language is spoken by the
people of Barak valley and its origin was at Bangladesh. Researchers say that dictionary of any language carries
history of every word. In some geographical areas particular phones are never used. In Assam particularly in
Barak valley /kh/ is used instead of /h/.This is also noticed that in most of the Indian languages if two consonant
occurs together in front of a word, pronunciation converts to one. Actually all these are characteristics of a
language influenced by geographically different areas.[13]. The ASSAMESE phonemic structure consists of
eight vowels, ten diphthongs, twenty-one consonants and two semi vowels [12] and the syllabification rule of
vowels & consonants leads to a new way of tracking the voice [8].
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111. DATABASE DESCRIPTIONS
A. Data Collection

As we have done our research for this paper during the covid pandemic, due to which travelling is being
restricted in many areas. Therefore, we have collected voice recordings only from family members with a mono
audio channel recorded using Praat software installed on Intel core i3 processor. Later on, we will collect

TABLE I. IPA SYMBOLS OF ASSAMESE VOWELS

VOWELS
Alveolar Velar Glottal
IPA Script IPA Script 1PA Seript
Close i 3% ull /e
Neau U €
Close
Close eé a 0d o'
mid
Open € q 2 L
mid
Open a |

recordings from other channels belonging from Assam.

The term robust features refer to applying a transformation in the first stage of processing of the speech signal
(feature extraction) Auditory motivated robust features. Since human audition is so robust to noise, many
researchers have tried to replicate the better known parts of the human auditory chain in hope of achieving

robustness [3]. Our selected features with descriptions are listed in the Table2 below.[4].

TABLE Il: FEATURES DESCRIPTION

Selected
Features

FullAbbreviations

Feature'sactivity onSpeech

1 MECC

Mel Frequency Cepstral Coefficents
(Ml‘C(‘s?u R

MFCC are a feature widely used in automatic speech and
speaker recognition. It gives a discretecosine ransform
(DCT) of a real logarithm of the short-term energy
displayed on the Mel frequencyscale .The melscale is a
scale of pitchesjudged

2 HFCC

Human Factor cepstral coefficients

HFCCis modified form of \ﬂ‘CCandit outperformin clean
condition Feneral!yused
tracking of speech tontent in frequency domain.

3 LFCC

Linear Frequency Cepstral Coefficient

LFCC the analysis of changes in pre-emphasis, numbers of

filter bank and numbers of cepstral are
conducted.

4 MELES

MEL BankSpectral Coefficients

MELBS is computed by multiplying the Discrete Fourier
Transform (DFT) module of a speech segment by the
gorrﬁsponding mel frequency filter

an

5 HFBS

Humane Factor Bank Spectral

Coefficients

HFBS is computed by multplying the Discrete Fourier
Transform (DFT) module of as

segment by the corresponding human-factor filter bank.

6 TFES

Linear Factor BankSpectral
Coefficients

LFBS is computed by multiplying the Discrete Fourier
Transform (DFT) module of as
segment by the corresponding Linear factor filter bank.

7 Harmonidaty

Harmonic ratio

Harmonicity objectrepresents the degree of acoustic
periodicity, also called Harmonics-to-Noise Ratio (HNR).It
can be used as a measure for: The

signal-to-noise ratio of anything that generates aperiodic
signal voice quality.

4HzME

4Hz Modulation Energy

It s the variations of an acoustic signal (both spectrally
and temporally) that shape how the acoustic energy with

4Hz fluctuates as the signal
evolves.

9 MSME

MelSpectrum Modulation Energy

MSME to be used If a ime-series inputy, sris provided, then
its magnitude spectrogram S isfirst computed, and then
maP?ed onto the melscale by

dot(S**power). By default, power=2 operateson a
power spectrum.

10 FundFreq

Fundamental Frequency

Fundamental frequency is component of a voice, which
are the lowest frequencies of a periodic voice
waveform.

11 Mean Freq

Mean Frequency

Mean Frequency of a spectrum is calculated as thesum of
the product of the spectrogram intensity (in dB) and the
frequency, divided by the total sum of

spectrogram intensity.
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12 Median Freq

Median Frequency

Median Frequency is the middle value in an orderedset of
frequency. If there is an odd number of observations, the median
is the middle number. If there is an even number of observations,
the median

will be the mean of the two central numbers.

13 StdDeviaton

Standard Deviation

Standard Deviation is the average distance (or deviation) from
the mean. The mean is the sum of the product of the midpoints

and frequencies v 2
divided by the total of frequencies.

14 Formant Freq

Formant Frequency

Formant Frequenciesis a concentration of acoustic
energy around a particular frequency in the speechwave.

15 FB

Formant Bandwidth

Formant Bandwidths-Itis the difference in frequency between
the points oneither side of the
peak which have amplitude A/(sg. rootof 2).

16 ZCR

Zero Crossings Rato

7610 Crossing Ratio gives Information about the
number of zero-crossings present in a given signal.

17 PLPT

Perceptual Linear
Predictivel

PLP1is simply the Barkspectrum of a speech segment. The PLP
method analyzes the onset srength envel ope in the frequency
domain to find alocally stable tempo for each the Bark scale is a
psycho acoustical scale The Bark scale ranges from1 to24 Barks,
corresponding to the first 24 critical

bands of hearing.

18 PLYZ

Perceptual Linear
Predictive2

PIp2 s the post processed Bark spectrum, where
PLP1is mu?g:iied by the equal loudness curve andthe module is
compressed.

19 PLP3

Perceptual Linear
Predictive3

PIp3 type Is the LPCsmoothedspectrum of PLPZ.

20 PLPI

rceptual Linear
Predictived

PLPT is the smoothed LPC cepstrum of PLPZ.

21 10

‘emporal Energy Operator

Tempo, a time domain feature, which is simple toextractand
have easy physical interpretation, like: the energy of signal and it
helps in the study of tone

and intonation.

Teager Energy Operator

Teager Energy Operator mainly shows the frequency and
instantaneous changes of the signal
amplitude thatis very sensitive to subtle changes.

23 Kurto

Kurtosis

Kurtosis represents the “peakedness” of the LTAS,withsteep
distributions producing positive kurtosis
values, and flat distributions producing negativevalues.

24 Skew

Skewness

Skewness describes the spectral tltof the LTAS(long-term
average spectrum) ( negative or positive). Positively skewed
distributions appear to have a “tail” of scores or values extended
to the right of the

bell curve. Ne%alivelyske\\'ed distributions have atail extending
from the left ol the bell curve.

25 Max
Amplitude

Maximum Amplitude

Max Amplitude defines the maximumdistance
between the resting position and the maximumdisplacement
of the wave.

26 Min
Amplitude

Minimum Amplitude

Min Amplitude defines the minimum distance between the
resting positionand the minimum
displacementof the wave.

27 ST Moment

5T Moment

5th momentabout the mean for a sample Le. array
elements along the specified axis of the array.

28 6T Moment

60 Moment

6th momentabout the mean for a sample Le. arrayelements
along the specified axis of the array.

For this paper we have prepared the data set by taking the average length of a conversation between the trained
person and Computer via microphone using Praat software at 22500 Hz modulation. The average duration was
2min and 30s for all the 11 vowel utterances. The longest utterance duration was 2 min and the shortest utterance
has taken of around 3s. The shortest utterance is not clear with clear voice, which may be for some technical

difficulties up stretched in the sound tracking procedure.

B. Tools used during Data Collection

We have used some tools for collecting the speech data without which the whole procedure was impossible. The

used tools are described in a table format as given below.

TABLE Ill. DESCRIPTION OF THE DATA COLLECTION USED IN THIS STUDY

IVoice Recording Tools

IVoice Recording Time|No of Recorded Speech

No of Speaker

Intel i3Processor

JAvg time2 min 30 s

11 Assamese Vowels

5 persons

Praat Recording Software

Longest time 2 min

11 vowel utterances per each speaker

Microphone with 22500 Hz modulation|

Shortest time 3s

Total 55 utterances
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In general, telephonic or other stereo audio channels the maximum utterance duration is 4 min, the minimum1.32
min, and the mean 3.25s found in network traffics. As a humane being from the same native place we can easily
understand the utterances but a person not familiar with the Assamese languages or a Machine can not recognize
the dialectal of the individual utterer, so voiced features without any related data is the individual data that we
have used in this research. As in Assamese language there are total 11 vowels are present therefore, all total we
collected 55 utterances, where 11 utterances were from 5 person each. As we have collected total 55 utterances
from 5 different trained person having 11 utterances per head and we are taking 28 vocal features for analysis of
speech so our dataset consists of 55 rows and 29 columns (55 rows for the utterances, 28 columns for 28 features
and one more column for storing the vowel samples). The dataset is given below.

TABLE Ill. CSV FILE OF ANALYTICAL VALUES OF 28 SPEECH FEATURES

Wowarke M he MK W URE hamch Nodela MOV i ndoren v g e o sndrd et o b ool gl g0 g gl erpeloegr etk et Ma M e 8 Mot
Voudl (0180 200 1M (OXSNG QARG RODIN(TN)  OOOONS AN 1) AOTOS OODLN MLV OADW JCAR UGN UM (LI (LA (LOSOR(ORIG BN QA [XNEA X0DK QL JTLEL 200N
Vool 000 W) 600 LIS (17200040 VGI0AMDONUHG0) OO0 OJEOO0 M 000NN OADID AT QOOOTN DG QUSHEM LUEIN LI FIIMMD EANAR[ORIR L 0K (LIONY AR OLOKE BN 100N
Vvl 10000 AMEOE QMK (NN RATMIQROKKCAIQNG) OO GHMR ¢ 000UT) OO0 GELNG O JDGID QLI (AR UMD RIINAR MUK UMM DN QMCS (LI ST GOSN 0 LUS
Vol 000100 D06 ATS (J0AMEE ONNE OO  OXPNS GO0 10 00NN OOGOM MILTIG OCNDU DML GUSYGMN AR LGN (20000 FLCHDILADE N QA (JNM NN GOMK R 20N
Vol G0 ) D000 106 ()00 DIOKAH BONERNMOAL) QXS AMEQ 0 0NN OO MAA QOO0 JOLIE QIS LN AOAIAT QAN ORATAAOD BN s (2004 02K MR 0 28N
Vw0l (0 0] LIRS LITRCK (AQ COMAS RONGIWOKY) OIS 0NN 7 QOO D NEN GODRNG RN LVAD LIV LUMIT (LJNINANO[IARG BN  ACK [L0WSK XD 00 0 20D
Wowd Q00 M) LTI JAGE (00040 (NG00 (M) QOO AN IO QOO QO NKLNG QMM JALIR QLSTIRD AOGCIT M0G0 (LAGHAT DSRIGI(LUAON BN A LINED 20N G0N &OLD A8D
W 00009 LAGES NGO (205060 OGN COOTINMK) OO OJOKD 6 OO0IM QBRI MU QMOLUG J6RLON OIGMN [AJNUM (ANGL (ARSI ANOOLMIDD  BIN  OS SRSTD XNAY GO LUK L8
Wow (00 ANEOK IECKE UM RODOR BOMTIN0N)  OOME QINEE 5 OO0UL A0 XA GO0 DONAE GLOYD (MM (AUIDR LSMORT (LIMI[ICLANE I QAN RV XN G0 D8N 1002
Voo 6000 LGS AN (LLIONROTIN QOESN) OO GIAN M0 000N OOUN MELND ODLLD) DN 100NN (LARDGLN A ST CLMOUM (LOMOGA(IGLANE N QM (LOWOR JOM OI0 0 28D
Vo o1 (0 1) LG 006 (OO MOUED DONGI(A) OO ANNG ) OOKOTY OGO GRLON GHNED MALAT OLIVARY [BLOKNM [LD0MR (LIS JITMS10SAD DM VM (0000 204 O 0 LU
Vw000 1) AN SR (MM DOBONRADNNMNN)  OODH S0 AN JARGS GOND NETE OO0 MAOH GUSGON (LIS M0N0 (LORMMDATTN(NOAN G0N UK (LOGE JME G N0 00N
Vo QLY AT KK (DAMQHRMEISPOXON[E) OO AR 6 OOMAD NISH NI OMOQE) MAODN UKD LATIEMI D SHLIN (L2 LACHINCH RTINS N QA (LROXY J0AN) OUND UBE LE%N
Vw019 LS00 DK (T RIKQ RATOMIAD)  QOXNS CMASE L1 000N OMOCH MATIC ONDETY MGAGK 1Ak AN X0 CATIONY (LOTRMILDARE I QMRS (ULED 0201 O OMDS LA
Vo) 0 ) DAUEE IR (AN RO RIEIO[MAL QDX ADIL 30 00N QATAN MAH QC206 DM QUSIIG (VTG JAMDES LU OLAM(IIONG B QMK (WNAXC J004) SN 0 2%
Vw1 (05 L2 LB (RN DANG BATETI(MGA) OIS 0MO8 200 QAIND QOUNO AKLOC OO JNXMS QIS (AZIIN (LOCOM I AT QMADR N VM (UNKDJE HNOH SR 0 206D
Vw000 100 A2 ALK (0000 AU OOM) G) OO AN 0 JAGS QOO ARTS OOLKTI ML QUGG LAV LIS DN HOMM(NOA  BIN QAOE (LN 1 ON0N SN 100D
Wows 000,60 AMEOR 21K (00N (TN OAICH M) OIS OTEAD N0 0O0CA) ATMM MALAN OOERL JORAN Q00N JRIGNLD L NOGA) GO [LIMIK[ORIR N QMOCK (LSO X0 NN 0 A0WD
Vv (00 AXE06 LS (ADDV AN OOCAINN) ODUN CHNG € 0O0UNT OUEH NI OATADN DGADN AU (ACAO0LANTR JITMAM NG [SLOE N QA (40404 001 OO TTA% L8N
Vo 0000 LT IR (MK COOWS ROOMONN)  OOMNE AMUT 10 00U WIS ARG OONOCT DRI CO0EIMM LA [LUCDMRISLUNRD TG AN LN QO0E (LAY 100 M 0 200D
Vool 01000 DOTEOR S0 (MASTIRAA OGN DOICAM(%A) OO DA T OIS OONME LT QO QLS CACOMA (DIGGEN -DARIM QARNDG [LASNA(MADD LN VI [LWOON M4 N (600N L0
WowdlL 00000 DS0600 LGS (RSN MMM QRIRY(GID)  OOMIE 4NN 0 000D O0ND MK OAOD ORI GAGN ) GAAAE) L KO JLSINGR AU (UNIH) N QAOCE LIS XL OO NGO L8N
Vo 010100 00 DO (41008 RANGECOIGIIAIN) OO AMIT ) 00NN QGSD NI OODUM DMALAD GISGLIN AR [AMGIA (LOVOIRE MALNGEIICLANE N RS (GLEX 00 G0N I 20N
Vowsl (0 10) LS LLECE (ALK DOORIDOOI[NEA) OIS AT 7 OO0NN OOUTM RN OOMP LG ISR LN LASAGHT IS (LGN (L1 ARG LN QUOCE (22940 JONML OING TN A0%
Vot (000 2606 ALK (060 MOOIGRI DAOOM QO) OO ANT M4 OOUD1 OGO MKV OADIG DRANNG QSN [ATISUD (DALY (JGOR APUOO[SLUMOH I QXS (RANAY 10 Q00N L A8D
Vol (00 TR0 AR (TAAZ PO ROUNMION) QDMK AWM W7 OINGE QLU0 MKV QODKAY MU CLSHY (AORMAR -LAO0N (1A FLINIMGIAD I BT (AT MM OO M L8
Vol 00 A0 A2 (IS (LT[N]  OOUES A [ 000NN OO HELND GALND DAL CO0ET) (MAGGSDI(SHHAL)JRSARAK QATEI[0DEN G UK (4000 0081 GN N 180D
Vorskl 0000 DAEO LA (LN DOMIONRATD(GIM) QOO 4NN Q00T OSNGHD ML QAT JRAME QAT (AGGHE (LRI QR0WFIDMINIMNR BN AN (0K 1008 MNO (NN 280N
Voo (010 A0 A (QUR0M RUNGHD RO NN  OOXDNS OTN00 D 00U QA MITIG AOOOTH JTIIONM GUDMGH (LASNS)ASHASOH FLUTA) (LSGRNILADKE B QALK (1ION JR0NK ONEE AT 20N
Vvl 0 W) D6 R (LBNDM RATTIBONRNAK) QDX ARIE 16 OO0 OOMNC MAAD ACDRS) XGAME QLIS [RSTIMNG (LAMELS FLONG (LVDEIURIMY N QRACE (I 0T OOMAL SN 20N
Vw0 AIEOT AR (0% ROTIE(CANMINN) QNS ANGH L) 000N OOHUS ML AN X0 LSRN ATICH LR (OGN MMOMI LR BN QT (5047 M) 0DIME TNAN L0
Vool Q000 DG AXG4D (ABIRNEMCIGRMORIQM) OOME  ANG M) QXN OOMSC MKW QOO 200N UMM 1AGHIAGH 1 RN [LONTSLM [LAGUOIM[INURRE) LM DAGCOK (2500 X0 DO 0 20N
Wow 0000 0608 ASE (U100 MO DANEI(I0) OO 400D T UM Q0N MK QANSE DN LTS (AR LA QDS AU BN QKO0 (LU 100N OMND 8 L8WD
Vo] (0100 G505 LIS (WM DADASK LONOCHQHE)  OOMNS OXRG N 00NN QO NAND OO JAME QIOMD LT AN (RO FLAGIONIIIAY  BIN QMR (A1NM6 000 00N 0 28D
Vo1 (00 D606 LIS (OG0 RIOGH BODUN(ING) OO OHNM NG 0NN UMD NALAG ON2C DLW Q1GHD (LA QU 00T (LMAT|MASAD BN QN (MM M SN TOLED A0
Vool (0 77)  SELOK RN (RAN6 ACISEL AN AGA)  OPONS UM D) OOWNIA DEAY NILKG OODKAR MULIN LML XN (LRGN (LOTOU HXUBO[UANAD BN ARTY (LIETD 01 MIDIN ORI A0
Vool 000 100) D756 LT (LONTICK ACONODNOOMN[WSR) OO AW 0 DAACH OOOUN NALXT OARE MR AISIAED (ARG (LN (LAKTID (LRILEOMARS G4 QUK (CRA00 100 QUM AN 280D
Vvl 00 B IR LUS (Y0 OO BOLKMINNM)  OOYNNS GIMN ) 0000 OOCS MILA ONNI) JOLIN 1T (LMSASN (LA 10 AT A N QLS OBAL 0N O MIKDY 20N
Vvl M 06 LS06E (M (A0 COOMNANTA)  OLXONS G M) 0O0MOT OMNANS MADALD ONCH AN QOO LM - MNNG) F2IAN0Y (TN N ALK QM0 JN0SH BOINN HN L0%
Vool 00000 LD LILE (AR DOCHGARMGAGONA)  OOMS G0N 2 000K AWM MUOE OAAEL 0NN QO0AMD [ASHLNY (AU KM (LENMMDMIOD BN QK (LODKE XNM 00D 0 28N
Wowd 01 (044 ANEDT DAGLS (JADNE DATGMBARIKINN)  OOMIS OGN0 6 OMENL QLTI LG OOOREG MR LIDMAD [LAMOG LARTH (LAMGHE () ANEA[URIRY I AN (200 2NN O DG L8N
Vool Q00 Q046 ALK (OGN DS ROORIOI) OIS GHNE 0 OO0 QDN MO GOV 0NN 1SS (MR LN (LIGD FLIRGAG S 00 QMOCK (000 XL LN 0 28N
Voot 0004 DMEOC DACE (00 DATMS BAOHMONL)  OOMI AUTN ) OOCIT) OOOMS MR QG DML QLK) (AR SRR RO DIV DMADY BN QUK (4000 1M OONIN WEANLY 20D
Vol (000 LMEH LONCK (0GOS DAVGIN MOOMA(GMA) QDL BI0 W OO0 OBUX LTIV GADKGH JE)TH COCOIRD AN (AT LMRT (S0 [UANAD I ALOCE (LINGEL XN OOOAD L) L0
Vo (0 JOROE LIS (RSOMU RO DOKOTINN) QO ARG ONDIE  COGD MALOTL OODM DAM WS 1S (LA (OB HLOLTINNIQ N QALK (460 000 OAME LI 2SN
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IV. THE PROPOSED VOWEL RECOGNITION MODEL

The proposed spoken vowel recognition model can be described by the block diagram in Figurel.

)
Feature
<<;;::i3§\ Extraction F
ecord Speec cature )
'S{,L ,:)r]d Specch Selection ML with ™ Specch
e Wave format Clustering N
Recognition

____J ./
Fig.1.Architecture of Speech Signal Processing over the Network

A. Unsupervised Machine Learning Module

To achieve proficient clustering outcomes for unlabelled data Kmeans clustering is mostly used to cluster as it’s
simple, implementation friendly and the probability of getting the required cluster amount. Also, Kmeans
clustering can be implemented on multivariate time series having each time point as a vector.In such case, to
operate the k-Means clustering algorithm to cluster guests based on the time they spend at attractions for which
the cluster labels are used as symbols to encode the time series of instance. It helps in some practical areas like,
to cluster people with in a particular group where lots of network traffic occurs. After finalizing our dataset we
used Clustering technique for modeling our system. Kmeans, a clustering technique that is famous for unlabelled
data has been chosen by us. K-Means is a non-hierarchical data clustering method that falls under the category of
centroid-based clustering [6]. Moreover, k-Means is used in a comprehensive outward record to split all the
positions into a quantity of sets with unique variation rates for each [11]. The clusters we have found after
programming in python are as below in Figure2.The scattered diagram obtained after clustering is given
inFigure3.
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V. RESULT ANALYSIS

In our designed system result is the main factor depending on which, we can further develop our system and the
result we found are nothing but clustering accuracy. We have computed the accuracy with the increasing number
of features, starting with the first five features then adding next five features serially up to the last feature. The
accuracies we have found from our selected features are listed in the Table IV below.

TABLE IV: ACCURACY COMPARISON OF FEATURES

Clustering First Five First Ten First Fifteen First Twenty First Twenty All Twenty
with selected features Features Features Features Five Features Eight Features
Features

Accuracies of 85 82 77 76 74 62
Clustering
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VI. CONCLUSION

We can explore conclusion based on the table mentioned above in the result and analysis part. In the table we
have found different accuracies for different feature scales. The main conclusion Observed is that with
increasing no of features accuracy of clustering has been decreasing and vice versa. Another conclusion that can
be drawn is that scaling and scheduling of the features matter the accuracy values as some statistical features
along with basic speech features have been used in our system. The statistical features are not so effective to
achieve better accuracy in our system.

FUTURE WORK

In the research area of speech, the ASR has been developing from the early handy microphones to far-field
microphones day by day. The increasing demand from users to make interaction with devices starved of a handy
microphone or wearing it. In modern days now, across the world some famous apps are such as, Amazon’s Echo,
Google Home, Echo dot, Alexa, Amazon Alexa etc., have been used by many people at home. But some
obscurities concealed in such handy situations also exist outside while using far-field microphones. Because,
when the voice has reached the microphone, in the situation of far-field, the speech signal energy subsequently
decreased. Relatively, the intrusive signals like echo, background noise, and dialogs from other utterer are so
clear sometimes that we have no option to ignore. Some uncovered queries of ASR systems are like: (1) Can we
develop additional information, such as language model by feeding information from the decoder back to the
speech enhancement and separation component, if yes how it’s possible? (2) Another, is the continuous
optimization policy preferred with its mentioned easiness and optimal combination features, in case we require
only optimization for the interpreted outcomes with adequate trained information. (3) Lastly, is it possible to
design a model without robustness for us to propose? Moreover, ASR applications including syllabification
using many standard speech coding algorithms for better noise free speech recognition is our future scope.
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