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Abstract

Speaker recognition systems are classified according to their database, feature extraction techniques and classification methods.
It is analyzed that there is a much need to work upon all the dimensions of forensic speaker recognition systems from the very be-
ginning phase of database collection to recognition phase. The present work provides a structured approach towards developing
a robust speech database collection for efficient speaker recognition system. The database required for both systems is entirely
different. The databases for biometric systems are readily available while databases for forensic speaker recognition system are
scarce. The paper also presents several databases available for speaker recognition systems.
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1. Introduction 2. Important Factors for Speech
Database Collection

Speech is a means not only to convey message through words spo-
ken but speech also has information about the speaker which can
be used for identifying the speaker. On the basis of application
speaker recognition has two parts namely: speaker identification
and speaker verification. The combination of these two systems
must be able to identify a speaker from the group of known speak-
ers along with classifying a large number of unknown speakers
to an invalid speaker category. Speaker recognition used in the
field of Forensic Science is called Forensic speaker Recognition
(FSR). It is a system to decide whether two speech samples are
uttered by same person or not. The main difference between FSR
and speaker recognition is the database on the basis of which
recognition is to be done. In former database constitutes primar-
ily the speech samples of non-cooperative speaker recorded in a
noisy environment (i.e. samples of poor quality) while latter uses
the speech samples from cooperative speaker recorded generally
in a clean environment. This difference drastically changes the
requirements of the speaker recognition system. As discussed by
Haris et al.’, the standard speech database has an important role
in developing and evaluating a speaker recognition system. The
availability of speech databases may be one factor responsible for ~ Figure 1. Important Factors for a Robust Speech Database
the progress made in the field of speaker recognition. collection for both systems.

To collect a speech database for biometric speaker recognition
the main factor to be taken into consideration is session variabil-
ity as speakers are generally cooperative in this type of speaker
recognition but in case of FSR along with session variability sev-
eral other factors are ought to be considered because of the fact
that uncooperative speakers are encountered almost every time
in FSR. Some of the important factors are shown in Figure 1.
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There are many important factors to be considered while

collecting database for both biometric and forensic speaker rec-
ognition. Some of these factors are discussed below:
Session Variability: Session variability also known as Inter-
session variability refers to all the phenomena causing variations
in two recordings of same speaker.? In other words, two speech
samples recorded by the same person are mismatched and could
not be recognized by the system’. There are several factors
responsible for inter-session variability such as:

o Transmission channel: This is one of the major factors
responsible for inter-session variability. This happens due
to the difference in the characteristics of the transmission
channels. For example, the speech signals recorded from the
voice transmitted over mobile phone i.e. wireless channel
may have different characteristics as compared to the speech
samples from transmission over landline phone i.e. wired
channel in spite of the fact that both the utterances are from
the same speaker.’

o Transducer characteristics: Transducer is a device which
converts one type of signal to another type of signal. In case
of speech, audio signal is converted into electrical signal by
the transducer known as microphone. This electrical sig-
nal is then processed and stored as speech sample. Various
types of microphones are available in the market like car-
bon, electret, laser, fiber optic, ribbon, MEMS, and liquid
microphone and many more. Quality of speech sample also
depends on type of microphone used. When training and
testing devices have different kind of microphones then the
speaker recognition system may not recognize the target
speaker accurately.

o Environmental noise: This is another factor which can cause
inter-session variability as amount of noise may be different
in different sessions of recording. Noise may be due to sev-
eral reasons like traffic, people talking in the near vicinity of
the recording place, some industry nearby or many more.*

o Intra-speaker variability: Speech samples from the same
speaker may also cause inter-session variability because
the acoustic features of the speech sample largely depend
on the age, physiological and psychological health, emo-
tional state etc. of the speaker. Thus, if there is a large time
span between training and testing sample recording there
may be huge change in the features of the voice of the same
speaker. Furthermore, if target speaker is ill or in a differ-
ent emotional state, then also features may change and cause
inter-session variability.®

For robust speaker recognition, inter-session variability must
be compensated. Several techniques have been proposed for
compensation like feature mapping, feature warping, H-norm,
T-norm and many more.

B 54 | volo | Issue 3 | July-Sept 2017 | wwwinformaticsjournals.com/index.php/gjeis

Gender: Biometric systems use the traits like fingerprint, iris,
palm-print, face, hand-geometry and voice etc. to recognize
individuals®. Along with these traits, some ancillary informa-
tion of the user can also be used to design a reliable biometric
system which is also user-friendly. This ancillary information
could be height, gender, age, eye color or weight of the individual
person. These are known as ‘Soft Biometric’ traits. These traits
can be continuous or discrete. Gender is discrete soft biometric
trait. Though, use of soft biometric traits suffers from lack of dis-
tinctiveness still gender and age can be used to filter out a large
biometric database. It is quite obvious that voice of male speakers
and that of female speakers have great variations in context of
several features of speech signal and hence can filter out large
amount of undesirable data and save a lot of precious time.
Environment: The mismatching between training and testing
conditions has become the prior concern of the researchers in the
recent past. Various techniques have been developed to address
this problem like speaker model synthesis, several normaliza-
tion techniques; factor analysis, feature mapping and nuisance
attribute projection. Many out of these techniques require paral-
lel condition data, which is not contained by most of the publicly
available speaker recognition databases.” For the robust speaker
recognition the parallel condition data must be available as the
surrounding conditions also affect the quality of the speech sig-
nal. For example, quality of speech sample recorded in a sound
proof room will be much better than the speech sample recorded
in a classroom or library. Sometimes noise in the speech samples
is also desirable factor for designing a robust speaker recogni-
tion system, so that, the system can recognize the speaker even
in the extreme conditions.® For this purpose a database should
have the speech samples recorded in the different environments
like a sound proof room, noisy class room, library, auditorium
and market etc.

Language and Region: Speaker verification can be categorized as
text dependent and text independent. In text independent system
speaker is not constrained about what to speak for verification. It
is an implicit verification where the speaker is performing some
other task like registering a complaint or talking with customer-
care executive. Most of the speaker recognition system works in
a single-language environment. India is a highly multilingual
country having large no of regional languages. Different lan-
guages have different syntactic and lexical rules governing the
structure and pronunciation of that language. Furthermore,
different regions have their own effect on the language and its
acoustic features. Even the same language is spoken in different
accent across the different regions of India. For example, English
spoken in south India have different acoustic feature like pitch,
energy, phenomes etc. as compared to the English spoken in
north India. Hence, it is very important to analyze the effect of
multiple languages as well as the effect of single language spoken
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in different regions on speaker recognition system. So, a good
database should have speakers of the same language from dif-
ferent regions as well as speakers of different languages. Recent
advancement in databases of Indian languages are either lim-
ited to 4-5 languages or concentrated on a specific geographical
area. The IITKGP-Multilingual Indian Language Speech Corpus
(II'TKGP-MLILSC) comprises of 27 Indian regional languages
including 16 languages which are most widely spoken across
India.

Recording Instrument: Recording of the speech samples can
be done through various devices. Quality of the speech samples
also depends upon the device used for recording. Some of the
devices which can be used for a quality database are digital voice
recorder, laptop, mobile phone, microphone and long distance
call over phone.

Age Variability: The problem of ageing and variation of speech
quality go hand in hand. The ageing effect increases with time
and also the quality of the speech is more likely to be degraded
with time. Speaker verification with these two parameters of age-
ing and variation in the speech sample quality is a very important
problem. In any biometric system, the accuracy of the system
degrades due to ageing effect. However, in speaker recogni-
tion, the effect of age variability has received marginal research
attention. The acoustic changes to the voice due to physiological
changes in the vocal mechanism have been extensively studied
in. Most of the noticeable changes in voice take place in child-
hood and the old age but voice keep on changing progressively
throughout adulthood. Out of these, the most important changes
are (i) a downward shift in fundamental frequency, and (ii) a
change in timbre. Generally in the speakers of age more than
60 years, the typical changes are instability of pitch and inten-
sity of voice, and slowed rate of delivery. In speaker recognition
system, this problem of ageing can be overcome by updating
the database at regular intervals of time but for large-scale sys-
tem, this solution degrades the security of the system and hence
not a feasible solution at all. A better but complex solution is to
adjust ageing-related changes automatically. The main problem
in designing such a system is the lack of the database. The longi-
tudinal speaker database which is covering a time span of more
than three years is unavailable publically. A stacked classifier
framework for improving performance of the long term speaker
verification system via an ageing-dependent decision boundary
using Trinity college Dublin Speaker Ageing (TCDSA) database
is proposed in’. In TCDSA database, the main variability was
ageing but variation in speech quality was also unavoidable over
such a long time span. Thus, for a long term and large scale sys-
tem, the database must have data of a speaker at different times or
database should be updated in this manner regularly.

Spoofing: Text-dependent speaker verification systems have high
accuracy due to short utterances but such systems are not much
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reliable against spoofing attacks. Basically there are four types
of spoofing attacks: (i) impersonation, (ii) speech synthesis, (iii)
voice conversion, and (iv) replay. Impersonation means a person
tries to mimic someone else who is actually a genuine speaker.
The effect of impersonation attack on speaker verification system
and vulnerability of the system had been studied in'. In speech
synthesis, the voice of the genuine speaker is synthesized using
a speech synthesizer for spoofing the verification system. Voice
conversion is an approach in which the voice of the attacker is
converted automatically using a conversion function to mimic
the voice of genuine speaker for spoofing the system. Replay is
the most easily implementable, low technology spoofing attack
approach, which do not need any speech processing techniques.
In this the pre-recorded speech samples of the target genuine
speaker are replayed using a playing device that can be a mobile
phone, music player or any other player. Hence to avoid spoofing
attacks, measures should be taken right from the first phase that
is, the speech database collection phase.

Whispering: A lot of research has been done in the field of
speaker recognition but researchers have focus on the recogni-
tion of ‘cooperative speakers” only. Cooperative speakers are the
speakers who want to be identified by the automatic speaker
recognition system. But speakers, who don’t want to get identi-
fied i.e. un-cooperative speakers, may lower their voice or try to
change their speaking behavior to avoid recognition and fool the
system intentionally. The effect of intentional speaking behav-
ior modification on the speaker recognition is investigated by
Kajarekar et al. and presented vulnerability in speaker recogni-
tion systems. The performance of the speaker recognition system
degrades greatly if mismatch appears between training and test
set. For example, the voice of a person varies when psychological
or physiological conditions of the speaker changes. A disguised
speech, produced psychologically and/or physiologically, known
as whispered speech has been an area of interest for research-
ers in the recent past.!! Along with the research on its acoustic
features like formant frequencies, corresponding bandwidth and
endpoint detection etc., its applications like its reconstruction,
speaker recognition, and many more, have also been attracted the
attention of the researchers. The main features of the whispered
speech are: i) Exhalation is the source of excitation as vibration
of the vocal cords are absent. ii) Whispered speech has very low
SNR and hence, the surrounding easily effect on it. iii) The psy-
chology of the enunciator is susceptible while whispering.''All
the above aspects can affect the accuracy of the speaker recogni-
tion system greatly and thus, it is very important to have database
of whispered speech for the development of an efficient speaker
recognition system.

Twins: According to the statistics in, birth rate of twins is increas-
ing with an average 3% per year since 1990. The number of
identical twins is only 0.2% of the world’s population but still it is
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equal to the population of countries like Greece or Portugal. Due

to this, there is an urgent need for a biometric system capable

of accurately distinguishing between identical twins, who share

same genetic code. Basically, there are two types of twins namely:

o Monozygotic (MZ) twins occur when one zygote is formed
by fertilization of single egg, which divides into two separate
embryos. These are the identical twins and shares 100% of
their genes.

»  Dizygotic (DZ) twins occur when two separate eggs are fer-
tilized by two different sperm cells. These fraternal twins
shares 50% of their genetic information.

Many studies are carried out on twin pairs with several
research objectives. Some of them can be given as: (i) try to
distinguish a speaker from his co-twin, (ii) try to find genetic
component in the variation of certain acoustic features. The
results have been shown that the twin pairs have different degree
of similarity and dissimilarity in their voice and speech param-
eters. The results also depend on a particular twin pair under
consideration as well as on the acoustic parameters selected for
discrimination. Hence, several parameters have been considered
for research to assess twin’s (dis)similarities. But all the efforts are
worthless if a database of twin pairs is not available and hence for
a robust speaker recognition system as well as for forensic appli-
cations twins” database is very important.

Duration Variability: The length of the available unknown
speech sample may be of very short duration as compared to the
recorded speech samples in the database. This could adversely
affect the recognition efficiency. This is shown by researchers
through several experiments that increasing the duration of
training data can improve the efficiency of the recognition sys-
tem.

Different Speaking style and Situational mismatch: Unknown
speech samples are recorded from different sources generally

unknown to the speaker uttering them. Thus the speaking style
could be same or entirely different than the stored speech data-
base. The style can be normal conversation between two persons
on telephone or it may be simply something read by the speaker
or it may be an utterance in which speaker is yelling over some-
one. It quite possible that recorded speech is containing voices of
more than two persons (meeting style) or may be someone dis-
guising intentionally to create confusion. It may also be the part
of police-suspect interview or may be some kind of information
exchange over phone.

Different Stress level and Mental state of the speaker: Speech
samples could result in error if the speaker is in a different men-
tal state at time of two utterances to be compared. For example,
if one sample is recorded when mental state of the speaker was
normal and another speech sample is taken when speaker is
mentally ill or under the impression of some sedative drug. Both
samples can have large intra-speaker variability. The same could
be caused by different stress level too irrespective of the fact that
the stress could be physical mental or emotional.

Sparse background data: The background database required
for the development of forensic speaker recognition model is
sparsely available due to the legal problems in forensic database
collection. Due to this reason, very less amount of forensic data is
available to researchers till date and to the best of our knowledge
none is available in the Indian scenario.

3. Available Databases

It is very difficult to overcome all the above mentioned problems
in a single database. Many researchers have tried their best to col-
lect database which can have samples as near to realistic forensic
data as possible but could not succeed to address all the above
said problems. Some of the very well-known databases around
the world are presented in the table 1.

Table 1.  Available Database for Forensic Speaker Recognition
No of
S. Name of Language |Year of . . .
No. |Database Used Release Duration/ Size irealﬁ:rs Type of Data/ Text used EER |Speaking Styles used
1 FABIOLE"* French 2016 3100 utterance 130 News, Debate, TV Shows 2.5 |Reading
41 Actual i
2 |NFLERITS® |Dutch  [2014 8o 604  |Conversational 12 |/ctualconversations
conversations intercepted by Police
CIVIL- . . Disguise/ Conversation/
3 CORPUSH Spanish 2013 20 Hrs 28 Sentences/Digits/Word - Reading
4 WHI-SPE" Serbian 2013 5,000 words 5 Words - Normal & Whispered
AHUMADA
5 LILIIDS Spanish 2000 - 150 (250 |Sentences/Digit/Word 0.5 |Reading/ Extempore
Reading/ Intervi St
6 AUS-TALKY |English 2012 3000 Hrs 1000  |Story/Sentence/Digit/ Word t;ﬁnlgng/ nterview/ Story
7 REPERE" French 2013 60 Hrs - - News, Debate, TV Shows Reading
8 ETAPE"” French 2011 30 Hrs - - News, Debate, TV Shows - Reading
2006, .
9 ESTER-LII* |French 2009 100 Hrs - - News, Debate, TV Shows 1.1  |Reading
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These databases are widely used in forensic applications but
still they have certain lacunas. Some databases are also developed
in the Indian scenario for forensic use. One database is developed
by Center for Forensic Science Laboratory (CFSL), Chandigarh.
Another database was developed by H. A. Patil et al., to design
a robust language independent speaker recognition system. One
more effort has been done by Haris et al.!, to develop a database
in English and several Indian languages of about 200 speakers in
office as well as noisy places like laboratory, classroom, hostel etc.
over five different channels in parallel.

4. Conclusion and Future Work

A robust speech database can be developed considering the
important factors presented in this paper like recording envi-
ronment, instrument, language and many more. A database
developed in this manner can be of great help in designing an
efficient speaker recognition system. The system can be designed
for compensating as many above explained factor as possible
for better recognition rate. This work can be further extended
because of the fact that, beside all these efforts and researches,
still many problems faced by forensic scientists are unsolved like
databases for crying speech, yelling speech, distance from micro-
phone, age variability, and spoofing are not available along with
many other challenges faced by FSR.
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