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Abstract— In this paper, we explore the use of transitional spectral in-
formation as a means of reducing the effect of inter-sessional variation on
automatic speaker recognition performance. We discuss the use of a system
based feature and outline the use of an orthogonal polynomial approxima-
tion of the derivative used to represent transitional information. A verifi-
cation and identification system based on the Gaussian Mixture Model is
used as the classifier and experiments are carried out using the digit-spl
database. Experiments showed that inter-session variability causes a sig-
nificant degradation in the performance of an ASR system. The use of
transitional information helps in overcoming the effect of inter-sessional
variability.

I. INTRODUCTION�
UTOMATIC Speaker Recognition (ASR) systems are use-
ful for verifying the identity of a person; allow automated

control of services by voice, such as banking transactions and
also control the flow of confidential information. While reti-
nal scans and fingerprints are considered more reliable means
of identification, speech can be seen as a non-invasive biometric
that can be collected with or without the speakers’ knowledge
and transmitted over long distances via telephone lines.

Modern day ASR systems are divided into two classes de-
pending on their desired function: Automatic Speaker Identi-
fication (ASI) and Automatic Speaker Verification (ASV). ASI
systems attempt to answer the question ”who are you?”, while
ASV systems ask the question ”are you who you claim to be?”
[1]. An ASV system decides on the identity claim made by the
speaker and the output of the system is in the form of a binary
result, accept or deny. An ASI system returns the identity of the
most likely speaker, from those enrolled in the system.

Currently available ASR systems have a number of prob-
lems. The performance of any ASR system can be affected by:
background noise, cocktail party effect, channel distortion, in-
sufficient training, inter-session variability and changes in the
speaker’s voice due to stress or illness. The goal of this paper
is to address the problem of inter-session variability, which can
be caused by model drifts and changes in the recording equip-
ment/environment, when there is a significant time lapse be-
tween recording sessions. In this paper we explore the use of
transitional information of a system based feature as a possi-
ble direction to solving this problem. The paper is organised as
follows. In section II, we give a brief overview of short-time
spectral representations. Section III covers the speaker verifica-
tion and identification systems used in this paper, highlighting,
the database, feature extraction, and speaker modeling and clas-
sification. Section IV outlines the experiments conducted and
the results achieved. The paper is concluded in Section V.

II. SHORT-TIME SPECTRAL REPRESENTATIONS

Speech can be considered the combination of both a system
and source component. The system component has been mod-
eled successfully by cepstral coefficients. Cepstral coefficients
are most commonly used in speaker recognition and can be eas-
ily derived through LPC analysis [2].

Fig. 1. LPC Analysis.

The speech utterance is segmented into short time frames,
windowed, and a pth order LPC analysis performed (see Fig. 1).
If we represent the p linear prediction coefficients by ai � i �
1 ��������� p then the cepstral coefficients (cm) are derived from the
LPC coefficients using:

cm � am � m � 1

∑
i � 1 � i

m 	 ciam � i � 1 
 m � p (1)

The changes in cepstral coefficients with respect to time can
be represented using transistional spectral information.

A. Transitional Spectral Information

The derivatives of the short-time spectral features are used to
represent the transitional spectral information [6]. Short-time
spectral features very rarely have an analytical form, so finding
their derivative can only be done using a finite difference. This
can be successfully implemented using an orthogonal polyno-
mial fit over a finite length window, i.e.

∂cm � t 
∂t � ∆cm � t �� ∑K

k ��� K khkcm � t � k 
∑K

k ��� K hkk2 � (2)

where 2 � K � 1 defines the length of the window (h), and is usu-
ally 7 and 5 for first and second derivatives, respectively. The
second order derivatives are found in the same manner. How-
ever, the first order derivatives are used instead of the cepstral
coefficents.

III. SPEAKER VERIFICATION AND IDENTIFICATION

SYSTEM

The modern day ASV/ASI system consists of six key compo-
nents: filtering and A/D, silence removal, front-end processing,
pattern matching, decision logic, and enrollment (see Fig. 2).
The filtering and A/D section is responsible for capturing speech
from the real world. The silence is then removed from the
speech and converted into a series of highly representative short-
time spectral features (LPCC) that highlight the speaker specific
properties present in the speech. Using these features the pat-
tern matching section relates them to stored models and calcu-
lates a distortion/probability for each model. Using the result of
the pattern-matching section the system makes a decision on the
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Fig. 2. The components of (a) the basic ASV system and (b) the basic ASI system.

validility of the speaker’s claim, or the identity of the speaker.
However, the system must first be trained to identify speakers, a
process commonly referred to as enrollment. This section out-
lines the ASV and ASI system presented in this paper, beginning
with an overview of the database used in our experiments.

A. Database

We used a multi-session database of both male and female
speakers called digit-spl. The database was developed at Grif-
fith University in the early part of 2001 and consists of relatively
clean speech (an average SNR of 41.6dB) from 68 males and
19 females, spoken on three separate sessions. The sessions are
separated by approximately 4-8 weeks. All three session contain
ten utterances of two continuously spoken random sequences of
five digit numbers, where each digit appeared only once per ut-
terance. The first session contains an additional five repetitions
of the isolated word set:“zero”, “one”, “two”, “three”, “four”,
“five”, “six”, “seven”, “eight”, “nine”.

The isolated word set from session 1 was used to generate
speaker models for all 19 female members of the database. The
speaker models were tested using the 30 continuous utterances
contained in sessions 1, 2, and 3.

B. Feature Extraction

As previously discussed the short-time spectral features em-
ployed in this paper are the cepstral coefficients derived through
linear prediction analysis (LPCC) and transitional spectral in-
formation (∆).

The speech is sampled at 8kHz with a resolution of 16 bits and
preemphasized by the filter H � z  � 1 � 0 � 95z � 1. The speech is
windowed with a 30 ms Hamming window, with a 10 ms update.
A 12th order cepstral coefficient feature is found via a 12th order
LPC analysis and the transitional spectral information is found
using a polynomial approximation with a rectangular window of
length 7 for the first derivative.

C. Speaker Modeling and Classification

A Gaussian Mixture Model (GMM) based text-independent
speaker verification and identitification system was used to test
the discriminate capabilities of the transitional information of
the short-time spectral features. This system was similar to the
one proposed by Reynolds [3], [4], [5]. Given a feature vector
(xt), the mixture density for speaker s is defined by

p � xt
�
λs  � M

∑
i � 1

ps
i b

s
i � xt  � (3)

and can be thought of as the weighted linear combination of M
Gaussian densities bs

i � xt  . Each trained speaker is represented
by a model, λs ��� µi � Σi � ρi � where i � 1 ������� � M, µi � Σi � and ρi

represent the mean, variance and weighting of the ith mixture
respectively. Since there are generally 40 significant acoustic
classes in speech, a model order of M � 32 was chosen. The
models are trained using 15 iterations of the Expectation Maxi-
mization (EM) algorithm, with an initial model trained using the
k-means algorithm.

Given the short-time feature representation of the utterance
X ��� x1 ������� � xT � , the log likelihood of the utterance belonging
to the trained speaker s (P � X � λs  ) is found by:

P � X � λs �� T

∑
t � 1

log p � xt
�
λs  (4)

Hence, verification of speakers is achieved by applying an ex-
perimental threshold to the log likelihood of the trained speaker.
The speaker’s claim is therefore accepted only if P � X � λs  ex-
ceeds the threshold, i.e.

i f P � X � λs �� Texperimental ACCEPT

else DENY (5)

Identification of speakers is implemented using a maximum
likelihood classification rule. The speaker’s identity is defined
by the model that produced the maximum probability, i.e.

i 	 � arg max
1 
 i 
 Ns

P � X � λi  � (6)

where Ns is the total number of trained speakers.
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Fig. 3. The effect of intersession variation on the Equal Error Rate (EER).

IV. EXPERIMENTS AND RESULTS

In this section, various combinations of transitional spectral
features are used and their effect on, the equal error rate of the
ASV system, and identification error rate of the ASI system is
shown.

The equal error rate (EER) of an ASV system is defined as

ERR � P � f r  � P � f a  � (7)

where P � f r  is the false rejection rate and P � f a  is the false
acceptance rate, defined as,

P � f r  � N f r

NC
� P � f a  � N f a

NI
� (8)

where N f r is the number of times a claimant is rejected by the
system, NC is the number of true claimant tests, N f a is the num-
ber of times an imposter is accepted by the system, and NI is the
number of imposter tests performed.

The identification error rate (IER) of an ASI system is defined
as

IER � Nii

Nti
� (9)

where Nii is the number of incorrect identifications and Nti is the
total number of identifications performed.

Experiments were firstly carried out using the base LPCC fea-
ture, as a means of showing the effect of transitional spectral
features. The experiment was then repeated using the LPCC
feature combined with its first-order derivative, i.e.

Ĉ � t  ���C1 � t  ������� � Cp � t  � ∆C1 � t  ��������� ∆Cp � t �� (10)

Figure 3 shows the effect of inter-session variability on an ASV
system and Fig 4 shows the effect of inter-session variability
on an ASI system. It can be seen that as the time between
the training and testing sessions increase the performance of the
two systems are significantly affected. However, by including
transitional information in the form of first order derivatives of
the LPCC feature, the overall perfomance is increased by 8%
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Fig. 4. The effect of intersession variation on the Identification Error Rate
(IER).

and 16% for the ASI and ASV systems respectively. It was also
noticed that when no inter-session variability existed the perfor-
mance of the ASI system was reduced when transitional infor-
mation was used.

V. CONCLUSION

It has been shown that inter-session variability has a signifi-
cant effect on the performance of ASR systems. Using transi-
tional information combined with the original base feature vec-
tor such as LPCC � ∆LPCCs, the effect of inter-session variabil-
ity can be reduced. However, in the absence of inter-session
variability, the use of transisitional information has a negative
effect on the performance of an ASI system.
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