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Abstract- The speaker recognition refers to determining the person talking from a set of
known voices or speakers. There are many studies which focus on the speaker identification
in clean and noisy environments. The performance of speaker identification process
degrades in reverberant environments, as reverberation leads to clear physical effects on
the perceived signals. Review of the research carried out in the speaker recognition under
reverberant conditions is given in this paper. The paper mainly focuses on the various
feature extraction methods, different speaker modelling techniques and various methods of
artificial reverberation. The effect of reverberation on speech intelligence is also discussed.
Keywords: Speaker Recognition, Classification, Artificial Reverberation, MFCC
\

Corresponding Author: MS. RITA R. INGLE
Access Online On:
www.ijpret.com
How to Cite This Article:
PAPER-QR CODE

Rita R. Ingle, IJPRET, 2016; Volume 4 (9): 691-700

Available Online at www.ijpret.com

691

Review Article
Impact Factor: 4.226
Rita R. Ingle, IJPRET, 2016; Volume 4 (9): 691-700

ISSN: 2319-507X
IJPRET

INTRODUCTION
Speech has evolved as a primary form of communication between humans. Speech carries
information at several lev-els, viz. speaker specific information, the message expressed as a
sequence of words or phrases, information about the acoustic environment in which the
speech is re-corded and transmitted, etc. Speaker recognition is the process of extracting
the features from a speech sample and identifying the person speaking. Based on the
learning mode, speaker recognition can be categorized into supervised mode and unsupervised mode. Speaker identification and verification task comes under the category of
supervised mode where the prior information about the speaker is known and is used in
the speaker enrolment phase. Speaker diarization (also called speaker segmentation and
clustering), on the other hand, comes under the category of unsupervised learning mode.
The speaker identification refers to determining the person talking from a set of known
voices or speakers [1]-[3]. Speaker identification can be classified into text-dependent and
text-independent tasks. In the text dependent case, the utterance presented to the
recognizer is known beforehand whereas, no assumptions about the text being spoken is
made in text independent case. Speaker verification accepts or rejects the identify claim of
a speaker.
This paper presents an overview of speaker recognition technologies in reverberant
condition. The remaining of this paper is organized as follows. Section II provides a general
overall overview of speaker recognition technologies. Section III presents Reverberation
and IV presents the low-level and high-level features for speaker recognition. Section V
presents the modelling techniques for speaker models and section VI presents the
conclusions.
II. SPEAKER RECOGNITION
There are generally two phases of a speaker identification/verification system [2], first
phase is called enrolment or training phase, in which a user enrols by providing voice
samples to the system. The system extracts speaker-specific in-formation from the voice
samples to build a voice model of the enrolled speaker. The second phase is called the
classification or recognition phase, in which a test voice sample is used by the system to
measure the similarity of the user’s voice to the previously enrolled speaker models to
make a decision. In a speaker identification task, the system measures the similar-ity of the
test sample to all stored voice
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Input speech
Models. In speaker verification task, the similarity is measured only to the model of the
claimed identity. Fig. 1 shows a general speaker recognition system architecture.
Speaker
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Pattern
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Fig. 1: A General Speaker Recognition System
III. REVERBERATION
Reverberation, in psychoacoustics and acoustics, is the persistence of sound after sound is
produced [4]. A reverberation is created when a sound or signal is reflected causing a large
number of reflections to build up and then decay as the sound is absorbed by the surfaces
of objects in the space. Reverberation is frequency dependent: the length of the decay, or
reverberation time, receives special consideration in the architectural design of spaces
which need to have specific reverberation times to achieve optimum performance for their
intended activity. In comparison to a distinct echo that is a minimum of 50 to 100 ms after
the initial sound, reverberation is the occurrence of reflections that arrive in less than
approximately 50 ms. As time passes, the amplitude of the re-flections is reduced until it is
reduced to zero. The first artificial reverberation algorithms were proposed in the early
1960s, subsequently new, improved algorithms were published.
There are many applications of digital reverberation technology [4] such as room acoustic
enhancement, to externalize the sound image in headphone audio, up mixing process to
play stereo audio signals over multiple loudspeakers, speech processing research to
evaluate its effect on speech intelligence, simulation of musical instrument virtual reality,
gaming, and computer aided design of concert halls, etc.
The artificial reverberation methods can be categorized into Analog- and Digital-methods
[4]. Some of the analog methods are: Using echo chambers [5], spring reverberator [6],
Plate reverberator [7], Tap based techniques [8], Bucket bridge device [9].
Reverberation algorithms generally fall into one of the three categories [4]:
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Delay networks - The input signal is delayed, filtered and fed back along a number of paths
according to parameter-ized reverberation characteristics;
Convolution - Input signal is sim-ply convolved with estimated impulse re-sponse of an
acoustic space;
Computational acoustic - Input signal drives a simulation of acoustic en-ergy propagation in
the modelled geome-try.
Some of the digital artificial reverberation methods are Comb filter [10], All pass filter [10],
Digital Wave Guide Net-work [11], Feedback delay network [12], Time varying reverb
algorithm [13],

Fig.2. Sound level in a reverberant cavity ex-cited by a pulse, as a function of time.
Pseudo-Random Late Reverb Algorithm [14], Different room acoustic modelling techniques
such as Finite Difference time methods [15] and Adaptive Rectangular Decomposition [16]
and Convolution Techniques (equivalent to FIR filtering) [17].
Reverberation time: The time it takes for a signal to drop by 60dB is the reverberation time.
RT60 is the time required for reflections of a direct sound to decay 60 dB. Reverberation
time is frequently stated as a single value, if measured as a wide band signal (20 Hz to 20
kHz).
The performance of speaker recognition can be affected by noise and reverberation and
hence degraded. Reverberation causes coloration of the speech signals and tem-poral
spreading, which severely degrades the performance of most automated speaker
recognition [18]. Some useful pa-pers which describe the effect of rever-beration on
speech recognition are [19]-[20].
IV. FEATURE EXTRACTION
Speech signal includes many features that are useful for speaker discrimination. Humans
rely on such different types or levels of information in the speech signal to recognize
others. We can roughly cate-gorize these features into a hierarchy run-ning from low-level
features to high-level features. The low level features mainly include MFCC [21], Linear
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Predictive Co-efficients (LPC) [22], Modified Group De-lay features [23], Gamatone
Frequency Cepstral Coefficients (GFCC) [24], Per-ceptual Linear Prediction (PLP) [25] ,
Wavelet based features [26], TESBCC [27].
High-level features are generally re-lated to a speaker’s learned habits and style, such as
particular word usage or idiolect. The low-level features are still the most popular speaker
features in current state-of-the-art speaker recognition sys-tems. In this section, overview
of some selected low-level features is given.
A. Mel Frequency Cepstral Coefficients (MFCC):
Mel Frequency Cepstral Coefficients (MFCCs) have been the most popular low-level
features for speaker recognition and speech recognition systems. The Mel-Frequency
Cepstrum (MFC) is a representation of the short-term power spectrum of a signal, based on
a linear cosine transform of a log power spectrum on a nonlinear mel scale of frequency.
The difference be-tween the normal cepstrum and the mel-frequency cepstrum is that in
the MFCC, the frequency bands are equally spaced on the mel scale, which approximates
the hu-man auditory system's response more closely than the linearly-spaced frequency
bands used in the normal cepstrum. Ac-cording to psychophysical studies, human
perception of the frequency content of sound follows a subjectively defined nonlinear scale
called Mel scale. Mel frequency is defined as,
(1)
= 2595

1+

700

Where fmel is Mel frequency and f is the frequency in Hz. This led to the definition of
MFCC. The relationship between the normal frequency and Mel-frequency is shown
Fig. 2 shows the computation flow chart of MFCCs. Take the Fourier transform of a signal in
a window.
Map the power/magnitude spectrum obtained above onto the Mel scale, using triangular
overlapping windows.
Take the logs of the energy at each of the mel frequencies.
Take the discrete cosine transform of log energies.
Temporal energy sub-band cepstral coefficients (TESBCC).
Sen and Basu [27] have proposed a set of parallel linearly spaced Nyquist filters for
extracting TESBCC feature. The Fou-rier transform of the proposed Nyquist window
function is:
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Steps involved in computation of TESBCC are as under.
The speech signal is pre-emphasized with pre-emphasis factor and then passed through a
bank of parallel fil-ters described above.
Log energy of the sub-band signal of each frame is computed.
Discrete cosine transform of log-energies in each frame is finally obtained.
V. SPEAKER MODELLING
TECHNIQUES
Using feature extraction, a spoken utterance can be represented with feature vectors. The
speech signal of a person will have similar still differently arranged feature vectors. To
recognize these feature vectors voice modelling is done using classifier algorithms by which
a template of features is generated for a particular registered user and that is used as a
reference in recognition process. It means every registered user will have a reference
model in database and if a new user comes then it will be declared as unregistered one.
The classifiers used for the speaker recognition task mainly include Vector Quantization
(VQ) [28], Gaussian mixture model (GMM) [29], Dynamic Time Wrapping [30], Hidden
Markov Model (HMM) [31], Probabilistic Neural Network [32], Polynomial Classifier [33],
VQ based PNN (34) and Support Vector Machine [35]. The generative models such as GMM
and VQ estimate the feature distribution within each speaker independently. The GMM
and the HMM are the most popular stochastic models for text-independent and textdependent speaker recognition, respectively. In open-set applications (speaker Speech Preemphasis Framing Windowing Verification and open-set speaker identification), the
estimated features can also be compared to a model that represents the unknown
speakers. In a verification task, the pattern matching module outputs a similarity score
between the test sample and the claimed identity. In an identification task, it outputs
similarity scores for all stored speaker models.
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The vector quantization is a classical quantization technique that allows the modelling of
probability density functions by the distribution of prototype vectors. It was originally used
for data compression. It works by dividing a large set of points (vectors) into groups having
approximately the same number of points closest to them. The GMM is a density
estimator. The distribution of the feature vector x is modelled clearly using a mixture of M
Gaussians. They model the probability density function of observed variables using a
multivariate Gaussian mixture density. Expectation maximization algorithm is used to
estimate mean, covariance parameters. During recognition, a sequence of features is
extracted from the input signal. Then the distance of the given sequence from the model is
obtained by computing the log likelihood of given sequence. The model that provides the
highest likelihood score is verified as the identity of the speaker. Table-1 shows the information about the features, modelling techniques, and the reverberation methods used
for speaker recognition under reverberation conditions by some of the re-searchers.
VI. CONCLUSION
An overview of speaker recognition in reverberant conditions are given this pa-per. This
paper mainly describes methods for artificial reverberation, various features that can be
used for speaker recognition and speaker modelling techniques. Reverberation causes
coloration of the speech signals and temporal spreading, which de-grades the performance
of automatic speaker recognition system. It is proposed to study the performance of the
system in reverberant condition by using different statistical modelling techniques and
features as discussed above.
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