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Abstract— Voice is the vocalized form of communicationauthentication systems have focused on the modefirgpectral

Voice is produced by turn the tongue, to give thieed or
unvoiced airflow. Agitation authentication resulfsom
voice signals, looking on the extraction of agiati
characteristics. Stretching of a spoken articulatican be
affected by the agitation. In mankind-computer @nkind-
mankind interaction systems, Agitation authentarati
systems could provide users with services by baiitgd to
their agitation. This research paper is to find ttedlection
coefficient, Gain, Denominator of Pole Model ancerth
authenticate the agitations from the voice. Majmps are
Pitch Conjecture, Characteristics Extraction, Ss#tal
Resolution, Classification of the agitation frome tkioice
signal. The voice signal is obtained from the wéile A
single line is considered and the Pitch of the lgan be

characteristics or prosodic characteristics. Thetoraatic
authentication of agitations in voice has made muce of
prosody characteristics such as pitch, intensityduration, which
are easier to handle. Voice quality characteristitanged when
different articulation s occurred due to the di#f®@ phonation
types such as breathy, creaky, harsh etc. TheydedHarmonics-
to-noise ratio, jitter, ShimmefThe Performance of the temporal
and Statistical Characteristics is adopted in theent Research
Topics.

There are seven characteristics selection filtenmeghods such as
CFS, Chisquare, Consistency, Gain Ratio, Info GainieRahd
Symmetrical Uncertainty. Among these methods, Relethod
yielded an accuracy of 72%. The methods includeu@reise and
component wise selection. Component-wise charatitaris
selection methods rely on searching through alsibbes subsets of
characteristics and fall into either wrapper aefilcategories. The

mark by the Pitch Marker Algorithm. The statisticalaim of Group wise selection is to find a combinatiof
Classification of the agitation can be done by theharacteristics subgroups which maximizes agitatiassification

Discriminant Resolution and K-NN classifiers to get
better success rate.

accuracy. These methods are applied to perform sticou
characteristics selection for agitation classifmat In order to

Keywords—Agitation Authentication, Pole Model, Averageextract articulatory characteristics of an agitaalovoice, a set of

Magnitude Difference Function, Discriminant Clagsi,
K-NN classifiers

l. INTRODUCTION

Voice is primary to the objectives of an agitatiaathentication
system, as are facial expressions and gestures.ci@ntBic
challenge is how to close the gap between voiceatsgand
human agitation. The agitational Science World risirmportant
component of information process. Automatic agiadl voice
authentication system can be characterized by thected
characteristics and the agitational categoriestafigh Detection
from Voice has many potential applications. Voitamcteristics
that are commonly used in agitation authenticatiam be grouped
as pitch and pitch-derived measures which areeel&d voiced
voice generation mechanism and vocal tract formafltne second
group contains various energy descriptors such asnmor
standard deviation of energy of an articulatidrat tare related to
related to voice production processes. The thiglgrcomprises
temporal characteristics, such as articulationration, pauses
related to behavioural voice production processes.

Recognizing human agitation in voice signal hasaetétd much
attention and plays an important role in affect pating, artificial
intelligence and signal processing areas. Mositioadl agitation

articulatory classifiers are trained to learn thapping between
the acoustic signals and the articulation staté® 3pectral and
temporal characteristics include formants, LPC, 1&-vequency
Cepstral coefficients.The combined information of throsodic,
spectral, statistic characteristics provide higlaecuracy with
SVM classifications.The class level spectral charstics yielded
a higher accuracy rate of 100%. Formant frequenciese
properties of the vocal tract system and they rtedoe inferred
from the voice signal rather than just measurede Vel
Frequency Cepstral co-efficient (MFCC) is a choice voice
authentication systems. The MFCC is good for noise &ata. In
MFCC, the frequency bands are equally spaced on #lesbéle.
MFCCs are used as characteristics in voice authéioticaystems
which can automatically authenticate numbers spokdn a
telephone

Narayanan and Chul Min in the year 2005 have dgseulis
about the Fold stratified cross validations toraate how
accurately a predictive model will perform .Clagsifion
errors were noted and reliable results were attiaiAdong
with this, PCA and LDA methods were also emploged
their results showed that PCA was useful for dinweraity
reduction.

Chen in the year 2008 implemented a new idea regard
the ranked voting method. The weighted Voting Aitjon
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is the improved algorithm which makes the votedadigins
attached by different weights. Agitations are surminug
and the agitation which has maximum value is detezth
as the result. The Classifier fusion system usielgtive
characteristics vector can achieve better authetigit
result. The authors Shashidhar G. Koolagudi, Nfttimar
and K. Sreenivasa Rao designed SVM in 2011 fordlaes
pattern classification. Multiclass pattern classifion

Fig 1 shows the flow diagram for the proposed metfidne voice
signals are obtained from the database and futiieepeak of the
samples are identified.

A. DATABASE

The database used here is Berlin Database. It Seanan
agitational database comprising seven agitatiookiding anger,
happiness, sad, fear, disgust, boredom and neutiak. Ten

problems can be solved using a combination of Binaticyjation s were produced by ten speakers irersadifferent
support vector machines. One-against-the-rest appro agjtations. The recordings were made using a SésetheKH 40

can be used in two-class classification problemsugSian

P 48 MICROPHONE and a TASCAM DA P1 Portable DAT-

Mixture Models (GMMs) are among the most statidlyfca Recorder in an anechoic chamber of the Technicalvessity

mature methods for clustering. They model the podita
density function of observed data points using
multivariate Gaussian mixture density. GMM refinde
weights of each distribution for the given set aputs
through expectation-maximization algorithm.

The paper is organized as follows. Section Il pres¢he
methodology to extract the characteristics for tluce
signal and the classification techniques involvedtésting

Berlin, Department of Technical Acoustics. The lénglf the
articulations is high. The articulation s whose agitation
authentication is low can be eliminated from th&abase so as to
have a better authentication rate.

B. PITCH CONJECTURE

The pitch period can be marked by the Pitch Mafgorithm .
Steps Followed:

and training of samples. Section Ill discusses th%- Identification of the ¥ and 2° order peaks.

experimental results. Finally conclusion in Sectign

. METHODOLOGY

Agitation Authentication is useful in the Automatic

Voice Resolution. This work presents us the detectf
agitation from the voice signal by analyzing thdePmoodel
with its coefficients such as AR, Gain, and Reftatt The

Finding Average Magnitude Difference Function
(AMDF) of the 2" order peaks.

c. Normalization of AMDF.

d. Proper selection of Threshold voltage.

The positive peaks are th& arder peaks which are derived from
the original voice samples. Th&Drder peaks are derived from
the T' order peaks. The " order peaks are used for the
experimental purposes due to important reasonsré€xsen is that

samples are collected from the wave file, and teakp the number of the"® order peaks within a given frame is less than
samples are determined from the frame of samplés. Tthat of the first order peak . So the calculatiman be much

samples between any two peaks can be considered a%e

duced. Another reason is that tHE @rder peaks can provide

etter reference points for pitch conjecture. Themalization of

single frame. The coefficients of an Pole model & AMDF is to map the values of AMDF into the interj@l 1]. The

obtained for each frame.

Berlin Database

!

Pitch Conjecture

A\ 4
Pole Model

'

Statistical Resolution
(Mean, Maiden)

Training y Testing

Classification methods

A 4

Success rate

Figurel: Flowchart of the method.

threshold value should be close to the minimum MD&. The
average values of all AMDF's can be given by

Ave AMDF = =i, AMDF (Kj)....oocoovnnnn. (1)

that can be selected as the value of thresholdnfmrave the
accuracy and for easier implementation.

C. POLE MODEL

Extraction of characteristics is an important forrof

dimensionality reduction. When the input data toaégorithm is
too large to be processed, then the input databsiltransformed
into a reduced representation set of charactesistalled
characteristics vectors. The transformation of itimut data into
the set of characteristics is called charactessidraction.

Linear prediction (LP) is a method for signal s@ummodeling

dominant in voice signal processing. Linear predictan be used
as an alternative to spectral resolution by Four@nsform. The
object of linear prediction is to estimate a set@éfficients which
describes the behavior of an LTI system when itsigiheis not
available. LP calculates a set of coefficients Wwhprovides an
estimate ora prediction for a forthcoming output sample given
knowledge of previous input and/or output samplesle models
are mathematically expressed as AR model which igoAu
Regressive. The Pole model has the coefficients ® A
Denominator Coefficients, Gain and Reflection Codffits. The
composite spectrum effects of radiation, vocal ttraed glottal
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excitation are represented by a time varying digileer .The

normally distributed. In QDA, there is no assumptithat the

transfer functior (z)of the signal is to be modeled by an all polecovariance of each of the classes is identicalg@ial QDA is

filter.

— & _wF k -k
S(2) —ﬁ—zkzlx akz ™ . (2)
Where H(z) =1 — > _ x*akz™*......... (3)

k=1

G is the gain factor computed, k is the refleatoefficient and
p is the number of poles in the model spectrum. Pabelel is a
natural representation of the non nasal voiced dauwhen the
order p is high enough, the model provides a gepdesentation
for almost all the sounds of voice. The main adagetof this
method is the Gain parameter G and the coefficigtean be
estimated in a straight forward and calculationadifficient
manner. The input signal is proportional to theoesignal with
the constant of proportionality being the Gain ¢ans G can be
given by ,k
E(N) =G UN) e (D)

The Gain calculation for voiced and unvoiced voice

given by

G*=R(0) Zi_,ak R(k)........eeeeeeenenn ()

Here R (0) refers the autocorrelation function wzémno lag, refers
the denominator coefficients. The autocorrelatiethrad of linear
prediction is formulated in time, autocorrelatiomdaspectral
domains. It approximates the short time signal pospectrum by
an all-pole-spectrum. It provides Non iterative Q#dtion. The
error measure leads to better Spectral EnvelopdoFian All -

Pole Spectrum. It can be also less sensitive tetfeets of high
pitch on the spectrum.

(AR) model to the windowed input data by minimizitige
forward prediction error. This formulation leads tioe Yule-
Walker equations, which are solved by the LevinBambin
recursion. The outputs are always nonsingular. Afe Yule
method uses the Levinson Durbin Recursion of thepgam
Autocorrelation sequence to compute the coeffisient

1. Liinear Discriminant Resolution
LDA is expressed as a linear combination of charattcs.

The assumption of the LDA method is that it is redsonable to
consider that the independent variables are noyrdatributed.

e

™
LS

G
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e

O

C=2

Figure:2 Representation of LDA model
LDA attempts to model the difference between tlassts of data.
DLDA is similar to the LDA , but with a diagonal eariance
matrix estimate.

2. Quadratic Discriminant Resolution
Quadratic discriminant resolution (QDA) is closelglated to
linear discriminant resolution (LDA), where the rmeeements are

similar to QDA, but with a diagonal covariance magstimate

3. Mahalanobis Discriminant Resolution

This classifier uses the Mahalanobis distances witariance
estimates. It is the distance measure based oelatons between
variables by which different patterns can be id@di and
analyzed. It evaluates the similarity of an unkn@ample set to a
known one.

4. K-Nearest Neighbor (KNN)

The K-Nearest Neighbor algorithm is the method dtassifying
objects based on closest training examples in Hagacteristics
space. K -NN is a majority vote method. Classifaratusing an
instance-based classifier is capable of locating thearest
neighbor in instance space datieling the unknown instance with
the same class label as that of kimown neighbor.

I -mvenrest neighbor outecome s a plus

2-nenrest neighbors outcome 1s unknowmn
— S-mearest neighbors outcome is @ Mmirss

-+ ._7,/'4_ By -+
{ - = A
\ - /,H -
Figure:3 KNN

This approach is referred to as a nearest neighborifi@as$here
arises a possibility for the occurrence of noisersr Larger ‘K’
values help reduce the effects of noisy points iwithe training
data set. The nearest neighbor rule is calculdtioimaensive. The
training phase of the algorithm consists only obrisig the
characteristics vectors and class labels of thritiga samples. In
the classification phase, 'k’ is a user-definedstant, and a test
point is classified by assigning the label whichrisst common
among theék’ training samples nearest to that test point.

4.1 Algorithm:

Consider the test vector to be ‘X’ and the trainitaga

set ‘G’

b. Find the 'k’ closest observations in the trainirajad

c. Predict the class of the test sample that is most
common among those ‘k’ neighbours.

d. Euclidean distance is used as the distance metric.

e. The neighbours are taken from a set of objects for

which the correct classification is known.

Ill. RESULTS

In this research, the wave files in the Berlin Dasbwhich are
sampled at 16 kHz are read. The Denominator AR icbefis,
Gain G coefficients, Reflection REF coefficients af &ole
model are computed for few orders. For these valtes eight
statistics are determined. The statistics is cameil for training
and testing of data. 302 files are allotted foinireg and 233 files
for testing purposes. The wave files in the databamsist of
seven different agitations. For the conjecture hd thaximum
success rate, the statistics of the orders 8,9, 11R1are further
classified by the help of twenty Five classifierhieh are LDA,
DLDA, QDA, DQDA , MDA and KNN for k=1 to 20.
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Table 1: Authenticate rate

Agitations | Max Classifie | Coeffi | Orders
authentication r cient
' rate(%)
Anger(A) 76.471 KNN | 11,12, | 8,9,10,1
19,20 13,14, 1,12
15
Boredom 70.270 MDA 9 12
)

Discussed( 78.5710 LDA 19,20,| 9,10,11,
D) 21,22 12
Fear(F) 59.2590 DQDA 16,18 10,11
Happy(H) 64.8650 DLDA 3 12
Sad(S) 75 DLDA 14,15/ 9,10,11,

16,17 12
Neutral(N) 60 MDA 12,13,| 8,9,10,1
14,15 1,12

Table | gives the authentication rate for the corabistatistics of
all the coefficients for the orders 8, 9,10,11,E®bm the twenty
five classifiers used, the agitation Disgust acegliithe maximum
of 78.571 % authentication rate by the LDA classifion
methods.Anger is authenticated next by the success rabef
with the help of DLDA technique.

time >

How  are

you?

Figure 4: Human voice signal

Table 2: Comparison of individual statistics

Agitatio
ns Max Classf | Coeffic | Statistics Orders
Authenticati
on iers ients
Rate (%)
A 86.275 KNN AR MAXIMUM 8
19,20
B 85.1350 QDA GAIN | STANDARD 9,10,12
DEVIATION

D 87.5000 QDA ALL KURTOSIS 12
F 87.50 DQDA REF, | KURTOSIS 9,10,12
GAIN
+REF
H 90.5410 QDA GAIN | KURTOSIS 9,10,12
S 100 MDA GAIN | SKEWNESS [9,10,1112
N 67.61 DQDA AR MAXIMUM 10

The resolution of the ALL, AR, GAIN, REF, AR+GAIN,
GAIN+REF coefficients can be made for the individual
statistics of mean, median, maximum, minimum, dlegrt
standard deviation, skewness, kurtosis.

Table 2 gives the overall comparison for the seven
different agitations with the individual statistiésr different
orders. The agitation Sad reaches it's max suc@ss100%
with the GAIN coefficients for the Skewness Statistfor the
orders 9,10,11,12 under the classification of MD#&he
agitation Disgust attains it's max success rat6@Po with
ALL coefficients for the Kurtosis Statistics for ehorder12
classified by QDA.

The classifiers used for improved performance weERA,
DLDA, QDA, DQDA, MDA, and KNN — k of higher valuest
can be seen that the authentication rate for thative agitations
are  higher

than that of the other agitations.

Figure 5: The resulting digitized signal is theralgmed in both
time and frequency domains.

Also the result shows that the individual statsstiof the
characteristics shows a higher authenticationwden compared
with the combined statistics for all the coeffidin

IV.CONCLUSION
Voice Agitation authentication based on a voicenaigs one of
the recent research topics in Affective Computinige Rbility of
the denominator, gain and reflector coefficientsh&f Pole model
play the mostimportant role in this case. The individual
statistics for the different agitations were detaed along
with the combined statistics for the coefficients fthe
orders 8, 9,10,11,12. The result shows that indaid
statistics attained higher authentication ratetlier negative
agitations than the combined statistics of the faments.
The negative agitations Sad, Anger, Boredom, Disguod
Fear have achieved a higher authentication rate tha
other agitations. The agitation Sad has the maximum
success rate of 100% for the GAIN coefficients wiitie
individual statistics SKEWNESS under the classtfaa of
MDA classifier. The authentication rate can be Hart
improved for higher orders.
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