N

N

Speaker Verification System using a Hierarchical
Adaptive Network-based Fuzzy Inference Systems
(HANFIS)

Zohreh Soozanchi-K., Mohammad-R. Akbarzadeh-T., Mahdi Yaghoobi, Saeed
Rahati

» To cite this version:

Zohreh Soozanchi-K., Mohammad-R. Akbarzadeh-T., Mahdi Yaghoobi, Saeed Rahati. Speaker Ver-
ification System using a Hierarchical Adaptive Network-based Fuzzy Inference Systems (HANFIS).
Third IFIP TCI12 International Conference on Artificial Intelligence (AI) / Held as Part of World
Computer Congress (WCC), Sep 2010, Brisbane, Australia. pp.233-237, 10.1007/978-3-642-15286-
3_23. hal-01054589

HAL Id: hal-01054589
https://inria.hal.science/hal-01054589
Submitted on 7 Aug 2014

HAL is a multi-disciplinary open access L’archive ouverte pluridisciplinaire HAL, est

archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.

Distributed under a Creative Commons Attribution 4.0 International License


https://inria.hal.science/hal-01054589
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://hal.archives-ouvertes.fr

Speaker Verification System using a Hierarchical
Adaptive Networ k-based Fuzzy | nference Systems
(HANFIYS)

Zohreh Soozanchi-K, Mohammad-R. A%kbarzadeh-z',l'Mahdi Yaghoob, Saeed
Rahat

1- Department of Artificial Intelligence, IslamiczAd University, Mashhad Branch, Iran
2- Center for Applied Research on Soft Computing btelligent Systems, Ferdowsi
University of Mashhad, Iran
3, 4- Department of Artificial Intelligence, IslacmAzad University, Mashhad Branch, Iran
Email: z.soozanchi@gmail.com

Abstract. We propose the use of a hierarchical adaptive orétlvased fuzzy
inference system (HANFIS) for automated speakeifigation of Persian
speakers from their English pronunciation of wortise proposed method uses
three classes of sound properties consisting @atirprediction coefficients
(LPC), word time- length, intensity and pitch, aslias frequency properties
from FFT analysis. Actual audio data is collectednf fourteen Persian
speakers who spoke English. False acceptanceamdidalse rejection ratio as
are evaluated for various HANFIS trained with difiet radius. Results indicate
that vowel sounds can be a good indicator for maoceurate speaker
verification. Finally, the hierarchical architeatuis shown to considerably
improve performance than ANFIS.

Keywords. ANFIS, Speaker verification, LPC, FFT, intensitydamitch
coefficients, HANFIS

1 Introduction

The computer industry controls most informatiofi@iancial and security systems.
Currently, the research community has consideredpesties of face, sound,
fingerprint, and iris for new identification schesngl]. In addition to above
approaches, sound is an important information suscvery simple for the user, and
can potentially provide high speed recognition. date, sound recognition for
security purposes and with the use of ANFIS inipaldr, has been largely neglected.
Few articles have applied neural networks and denstl sound samples directly as
input to the network, without any pre-processimgthis paper, we advocate the use of
a hierarchical ANFIS (HANFIS) for fast clusteringhch identification of sound.
Initially, several features are produced from sowhdndividuals after omission of
noise and silence [2], and validation function és@nplished with these features by
ANFIS. The experimental result of this paper whistpractical represented by final
Table at the end and it is MATLAB programme.



2 Sound Verification System

It is well known that people can be generally idféad by their voices, not by the
message sent by them. Basically, there are twoskaidvoice based recognition or
speaker recognition: speaker identification andakee verification [3]. Speaker
recognition is further divided into two categoriegjich are text dependent and text-
independent [4]. The method that use in this papbased on the concept of speaker
verification since the objective in the access maris to accept or reject a person to
enter a specific building or room. In general thpeaker verification system for
accessing control makes four possible decisions The accuracy of the access
control system is then specified based on theinatéhich the system makes decision
to reject the authorized person and to accept tiaeithorized person. The quantities
to measure the rate of the access control accucaogject the authorized person is
then called as false rejection rate (FRR) andtthateasure the rate of access control
to accept the unauthorized person is called to adse facceptance rate (FAR).
Mathematically, both rates are expressed as pewgentsing the following simple
calculations [3]:

FRR=NFR/NAA*100% (H]

FAR=NFA/NIA*100% @

NFR and NFA are the numbers of false rejections #&alde acceptance
respectively, while NAA and NIA are the number bétauthorized person attempts
and the numbers of impostor person attempts. Aaedng high security of the door
access control system, it is expected that thegzegh system will have both low FRR
and low FAR. In order to give a definite answeraotess acceptance or rejection, a
threshold is set. When degree of similarity betwaegiven voice and the model is
greater than threshold, the system will acceptatteess; otherwise the system will
reject the person to access the building/room.

3 Plan Executions by Hierarchical ANFIS

ANFIS, proposed by Jang [6], is an architectureciwtfunctionally integrates the
interpretability of a fuzzy inference system witbaptability of a neural network.
ANFIS structure is a weightless multi-layer arrdyiee different elements [7].

In this research ANFIS-based speaker model is dpeel using Fuzzy Logic
Toolbox of MATLAB and design of the ANFIS structure done by determining
premise parameters. Here the subtractive clusteriethod is used with different
radius parameters. Once the premise parametergbtained, the ANFIS model is
trained by using hybrid learning algorithm.

In this case, we can use some ANFIS orders as showig. 1. We propose the
use of a hierarchical adaptive network-based fumfgrence system (HANFIS) for
automated speaker verification of Persian spedkens their English pronunciation
of words. In this way, we should allocate wholep@sses from each ANFIS as new
recent data to other ANFIS input for its instruotiddere, we give answer to test



process of HANFIS with different pitch and integdieatures, frequency features and
LPC coefficients as input to the other network ntlewaluate program with new data.
As it was mentioned, we can obtain better resuith the change of parameters and
ANFIS’s radius. Here, the percent of errors is zeith the change of radius. You can
see combination of LPC features, frequency, piteth iatensity features in Table 4.

The main important point in here is that the vatid=AR should be close to zero,

until unauthorized recognized better.
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Fig.1. HANFIS architecture

4 Data Collection

Whole used data in this article is statement ofdaiorEnglish language by Persian
speaker. At first, for gathering data by speakérsamples from considered words
were stated and recorded, then the silence betwpeenounced words at each
sentence was omitted by PRAAT software and stotediféerent separated files
(PRAAT is a program for doing phonetic analyses smuhd manipulations. It can be
downloaded from www.praat.org.). During arrangeménis necessary to equalize
length of whole samples because signal lengthffarént speeches of fixed sentences
is not the same. So, in this field, length of whesenples was set equal to longest
sample, and empty space was loaded by zero.

4.1 Featur e extraction

Feature extraction is the main important processwhich in fact is the
conversions programme of raw signal to feature aredor uses classification.
Features are quantities which resulted from souaeppcessing and can be used for
sound representation. In proposed method, evertesem was divided to 20 sub
words and different features, and related spetifina of sub words are extracted and
used in speech recognition.

Three groups of separated features are as follows:

LPC is a statistical method by which that we cahcudate some different
coefficients for forecasting signals with high pséen. In this method, we sampling



from each signal and different whole coefficients lbeen settled by mathematical
methods. At first, for extraction of LPC coefficisn we should normalized each
signal of sample sentence between 0 and 1, thédediwem to 10 blocks and extract
suitable LPC coefficient for every block by MATLA&bftware which we have used
length feature of word as sound features.

Frequency features of sound signals are extracyeBodorier transform. So, we
divide and separate each sentence to 10 blockbdtier extraction of frequency
features, then extract their coefficients by Fauti@nsform.

Pitch and intensity are two features of sound. Sopitch depends on its
frequency. The intensity of sound measured by dd,is magnitude of frequency at
air-pressure which is caused by sound waves. Afktraction of these features by
PRAAT software, we can store them in a file andsidered them as network input.

5 Results and Discussion

In this research, we recorded the sound of 14 perand every individual repeated
one word 20 times and this function was done ifrenment with acoustic walls due
to noise omission. Also, according to accomplisheskarches it was cleared that
acoustic features of individuals when saying sositeds containing vowel sounds
would be distinguished better and it's because itwthpfeature that peer better in
vowels. We considered 2 individuals as authorized the other 12 individuals as
unauthorized among these 14 persons. Also, we hesesl 4 sounds of new
individuals as unauthorized whose acoustic featwese not in training data.
Obtained results with ANFIS in different stages aaofefficients training could be
observed in Table 1, 2 and 3. We changed radiusevaf ANFIS then compared
results in every Table. In these Tables, P1 andH®v authorized individuals and
P3- P14 show unauthorized individuals and P15-R&8naw unauthorized persons
who weren’t in data training.

According to obtained results in our proposed metlitovas clear that represented
method producing results towards the others abatiieged data. Also, obtained
present results have been trained and tested iwittedl data. We can use more data
for better examination and obtain optimum resuitthis field.
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Table 1: Comparison between the LPC

results with different radius by ANFIS

Table 2: Comparison between the FFT
results with different radius by ANFIS

Radius=0.5 Radius=1 Radius=0.5 Radius=1
ANFIS ANFIS ANFIS ANFIS
FAR FRR FAR FRR FAR FRR FAR FRR
P1 - 10 - 10 P1 - 20 - 18
P2 - 10 - 20 P2 - 40 - 40
P3 2 4 P3 4 1
P4 0 0 P4 6 1
P5 0 0 P5 0 0
P6 0 0 P6 4 0
P7 0 0 P7 0 0
P8 7 3 P8 4 0
P9 0 0 P9 4 0
P10 - 0 - 0 P10 - 10 - 10
P11 - 19 - 10 P11 - 0 - 10
P12 0 0 P12 4 0
P13 0 0 P13 5 5
P14 4 4 P14 0 0
P15 0 5 P15 4 0
P16 0 0 P16 0 0
P17 0 0 P17 0 6
P18 1 4 P18 4 9
Table 4: Comparison between the
combination of LPC, FFT, pitch and intensity
Table 3: Comparison between the Pitch and results from hierarchy ANFIS with different
intensity results with different radius by ANFIS radius by HANFIS
Radius=0.5 Radius=1 Radius=0.5 Radius=1
ANFIS ANFIS HANFIS HANFIS
FAR FRR FAR FRR FAR FRR FAR FRR
P1 - 0 - 0 P1 - 0 - 0
P2 - 0 - 0 P2 - 0 - 0
P3 0 0 P3 0 1
P4 12 0 P4 0 0
P5 0 0 P5 0 0
P6 0 0 P6 0 0
P7 0 0 P7 0 0
P8 12 4 P8 0 0
P9 0 0 P9 0 0
P10 - 0 - 0 P10 - 0 - 0
P11 - 0 - 0 P11 - 0 - 0
P12 0 0 P12 0 0
P13 2 2 P13 0 0
P14 0 0 P14 0 0
P15 1 0 P15 3 0
P16 0 0 P16 0 0
P17 1 8 P17 4 0
P18 20 0 P18 0 0




