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Abstract. We present a comparative evalua-

1

Introduction

tion of different classification algorithms for a
fusion engine that is used in a speaker iden-

An increasing use of biometric technology can be found

tity selection task.

The fusion engine com-

in areas such as the password checks in the banking sec-

bines the scores from a number of classifiers,

tor, security checks at airports, human-computer inter-

which uses the GMM-UBM approach to match

faces that allow computer navigation and login checks.

speaker identity. The performances of the eval-

One of the most widely used modalities in this area is

uated classification algorithms were examined

speaker recognition in voice-based biometrics. Speaker

in both the text-dependent and text-independent

recognition biometrics offer convenience to the users as

operation modes.

The experimental results

well, as they do not rely on special sensors for capturing

indicated a significant improvement in terms

the biometric input but rely on conventional microphones,

of speaker identification accuracy, which was

which are available in most electronic devices. Speaker

approximately 7% and 14.5% for the text-

recognition is briefly categorized as speaker verification

dependent and the text-independent scenarios,

and speaker identification. In speaker verification, the sys-

respectively. We suggest the use of fusion with

tem verifies or rejects a claimed identity, while in speaker

a discriminative algorithm such as a Support

identification the user is assigned to an identity from a set

Vector Machine in a real-world speaker identi-

of speakers. Speaker identification uses voice as a unique

fication application where the text-independent

characteristic to identify a person’s identity. This task can

scenario predominates based on the findings.

further be classified as closed and open-set speaker identification. In closed-set speaker identification, an unknown
voice input will be assigned to one of the known speaker

Key words. speaker identification, classifica-

reference templates with the highest level of similarity,

tion, machine learning, multiple classifier sys-

based on the assumption that the unknown input belongs

tem, fusion, robustness

to one of the given set of speakers. In the open set case, the
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input speaker might not be assigned to any of the closed- discriminate between the vectors [32]. Recent methods
set speakers and thus be deemed as an unknown speaker. for dimensionality reduction, like i-vectors [9] offer low
In addition to this discrimination, the speaker identifica- dimensional fixed length representation of a speech uttertion task can also be divided into a text-dependent or text- ance that preserves the speaker-specific information. In
independent task [7, 3]. While in the text-independent this method, a factor analysis (FA) model is used to learn
case [27, 29, 12, 31] the speech content is not known a low-dimensional sub-space from a large collection of
apriori, in the text-dependent case the users produce a data. A speech utterance is then projected into this subpre-determined pass-phrase [18, 30]. Systems using just space and its coordinates vector is denoted as i-vector [9].
text dependency or independency suffer from a “liveness” In specific experimental setups, the i-vector method has
problem where segments of the text can be reconstructed outperformed the classic GMM-UBM approach. Howdigitally. A text-prompted modality serves to remedy the ever, GMM-UBM based modeling offers more stable resituation. This mode constrains the user to repeat text sults with respect to the availability of significantly large
phrases that the system chooses at random at the point of amount of training data or not, thus in this article we reinput albeit not being effective for a fixed-passphrase [2]. lied on Gaussian modeling. The use of fusion as a means
Text prompting requires cooperation from the claimant of improving system performance has been exploited in
and suggests the use of an utterance verification engine many fields [19], especially in biometrics [28, 22]. For
to check the prompted phrase [34]. The state of the art a speaker identification task, instead of a single classitechnology in speaker identification is based on short-time fier to identify which speaker the voice input belongs to,
analysis of the voice signal and post-processing by a pat- multiple classifiers are used and the results combined to
tern recognition algorithm. The dominating features at provide the speaker identity [20]. Early use of fusion
the speaker recognition task are the Mel frequency cep- in the speaker identification task use simple fusion rules
stral coefficients (MFCCs) [11, 21]. The estimated MFCC in the decision logic such as the minimum or maximum
parametric representations of the speech signals are used value of scores that for example, represent distortion meato train speaker models. Modeling of speakers using the sures of the speech [33]. Research in the area became
Gaussian Mixture Models (GMMs) [26] is widely con- more widespread and the fusion rules became more sosidered to be a benchmark for modern speaker recogni- phisticated with the building of theoretical frameworks
tion. GMM uses a common statistical model (Universal for schemes such as the product, sum and majority voting
Background Model or UBM) derived from a large num- rules [15, 16, 10, 4]. As machine-learning algorithms such
ber of speakers as a template for individual speaker mod- as SVMs and multi-layer perceptrons (MLPs) became
els. The speaker models use a means-only adaptation pro- popular, they became alternatives for fusion rules [9, 25].
cess (Maximum A-Posteriori or MAP) to provide the dif- These algorithms have a progression curve of their own
ferentiation to the UBM. Whilst the GMM represents a and new developments such as the extension of SVMs
generative model approach, popular discriminative model from a binary classifier to a multi-class SVM [14] make
approaches such as support vector machines (SVMs) have themselves available to the speaker identification task.
also been used [32]. Hybrid approaches using both SVM The required performance of a single classifier suffers beand GMM have also been trialled. The means for each cause of a mismatch between conditions present during
feature of each Gaussian component in the GMM can be training and testing [24]. Fusion addresses this in a numconcatenated into a super-vector. SVM is then used to ber of ways: (1) complementary fusion where the sources
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of fusion are independent of each other but are combined speaker identity. However, the underlying information beto give a more complete view of the verification (2) coop- tween the per speaker scores is not exploited in this case
erative fusion where information is provided by sources and especially when the difference between the maximum
of fusion that would not be available from a single source score and the scores of the following top speaker models
alone. (3) A third form of fusion, which is competitive fu- is not significant. Thus, instead of applying a maximum
sion, is based on several independent assessments of the selection criterion, we investigate the use of a classificasame input using different devices to mitigate errors from tion model as a speaker identity selector. A voice sample
inputs of singular systems. In this paper, we exploited a serves as input to the system shown in Fig. 1 and after preform of redundancy that potentially makes use of comple- processing and feature extraction, the input is processed
mentary and competitive fusion. Classifiers were used to by a set of speaker models, which correspond to a closedproduce a positive outcome for one classifier and a nega- set of speakers. Each model will produce a score indicattive one for all other cases under ideal conditions. Under ing the probability or distance of the test utterance from
lesser conditions, all results may be negative. However, it. These scores will be concatenated in a score vector
the fusion of all the results may still provide a correct and used by a classification algorithm to assign a speaker
result as specific patterns of negative outcomes may still identity to the input test utterance. The method described
lead to a good identifications. In this paper we evaluate forms the basis of our proposal for a fusion based speaker
the performance of different machine learning algorithms identification.
to be used as fusion rules in the context of text dependent

Let us denote the input test utterance after preand text independent speaker identification. GMM-UBM processing and parameterization as X. A number of
implementations of single-mode classifiers used speaker speaker models is used in order to estimate a score, i.e.
specific models to generate scores, which were combined
using a classifier to estimate the identity of an unknown
input speaker. The choice of fusion algorithms for eval-

Si = g(X, M i )

(1)

uation were primarily by popularity but also contain both
generative and discriminative classifiers [5]. The remain-

where M i is the model for the ith speaker, with 1 ≤

der of the article is organized as follows. In Section 2, i ≤ N and Si is the corresponding score. Instead of
we present the methodology for speaker identity selection selecting the maximum (or minimum) score, we conusing a classification model. In Section 3, we describe the catenate the estimated scores in a single feature vector,
N
experimental setup that was followed and in Section 4, the V ∈ R , which is used as input to a fusion classifier as
evaluation results are presented. Finally, in Section 5, we
conclude this work.
d = f (V )

2

Speaker Identity Selection

(2)

where f denotes the fusion classification model and d is
the decision, i.e. the detected speaker identity. The fusion

The traditional speaker identification decision is based classification model will capture underlying information
on the selection of the maximum score, i.e. the speaker among the scores and in contrast to a simple maximum
model with the maximum likelihood to have produced score selection, will provide a more robust estimation of
the input speech observation is selected as the detected the user’s identity.
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16 kHz and a sampling resolution of 16 bits.

3.2

Speaker Identification Engine

For training speaker identification models, we relied on
the GMM-UBM approach [27]. The speaker recordings
had to be pre-processed first. The pre-processing provided a number of parameters that were used for training the speaker verification engine. The pre-processing
compresses the speech data. An initial stage consists of
removing the "silence" of the speech using a speech activity detector that discriminates speech to be retained using
Fig. 1: Block diagram of the classification based selection
an energy threshold. A specific time window was used to
of unknown speaker’s identity
capture the spectral characteristics of the speech that has

3

Experimental setup

a balance between statistical stationarity and information
capture. A sliding Hamming window of 20 ms with a 10

Based on the framework described in Section 2, the im- ms overlap between successive frames was chosen. The
plementation details of the experiment are described here. first 19 Mel frequency cepstral coefficients (MFCCs) were
This includes the split of the speech corpus to form data captured for each frame. The differential and acceleration
inputs, the speaker- identification engine implementation, coefficients corresponding to the first (delta) and second
and the mechanics of the speaker identification.

(double-delta) derivatives were also generated. In total, a
feature vector with 57 features were obtained. Finally, as

3.1

Evaluated Speech Corpus

part of the feature extraction post-processing procedures

The speech corpus used to provide data for the ex- to clean up the feature data from noise and reduce the efperiments in this paper was RSR2015 [18], a research fect of handset mismatch, RASTA [13] and CMVN [36]
database established to support text-dependent verifica- processing was applied. The universal background model
tion of speaker verification systems. RSR2015 contains (UBM) was trained with all recordings of the 630 speakers
recordings made up by 157 male and 143 female speak- from the TIMIT corpus. The GMM used a 128-mixture
ers. Each speaker is put through nine recording ses- model. Once the UBM was trained, the individual speaker
sions. Each recording session generates 73 utterances. models were trained using recordings from the RSR2015
The testing protocol established uses three of those ses- corpus. The training of the individual speaker models
sions for training the speaker verification engines and the used a means only adaptation of the UBM.
other six sessions for testing. The recordings used a sampling frequency of 16 kHz and used linear sampling with

3.3

Speaker identity classification selection

a 16-bit quantization resolution. However, another cor- In this evaluation, we present a set of results using the repus (TIMIT [8] was used for generating the universal cent RSR2015 corpus with the intention of benchmarking
background model (UBM). This corpus is bigger, hold- different classification algorithms for the selection of the
ing recordings from 630 speakers. The recordings had a speaker identity. In particular, training and trial lists (defsimilar specification, also having a sampling frequency of inition of speaker pairs) are designed to simulate system
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evaluation of two different operational modes concerning

Tab. 1: Resource allocations during train and trial cycles
speech content, (a) text-prompted phrases and (b) text- of text dependent and independent testing
independent engines. The first mode refers to a scenario
Protocol
Resource
Train
Trial
(a)
Speaker
101-143
101-143
whereby a system prompts a randomly selected phrase out
Sesion
1,4,7
2,3,5,6,8,9
Text
of a closed subset of pass-phrases. The second mode is esdependent Sentence 6-10,1-5,11-15
16-30
sentially a text-independent scenario with arbitrary enrol(b)
Speaker
101-143
101-143
Text inSesion
1,4,7
2,3,5,6,8,9
ment and test phrases. Speaker identification is evaluated
16-30
dependent Sentence 6-10,1-5,11-15
for two different circumstances, (a) and (b).
Tab. 1 shows how test resources were allocated where
text dependent and text independent testing was carried
out. The Mode column indicates the operational modes
for testing. Under the two modes, (a) and (b), different
enrolment (train) and trial lists were designed shown by
the Train and Trial columns. The experiments were conducted on a subset of the male section of the recently
released RSR2015 dataset. For all modes, 43 speakers
were used which were identified by the range 101 to 143
as seen in the Speaker rows. (If the number of speakers
were to be increased, there is an expectation for the performance to be poorer related to the data representation made
for training the class and the machine learning algorithm
used. For example, a Deep Neural Network would have

(i) support vector machines (SVM) [17] using the sequential minimal optimization implementation, (ii) multilayer
perceptron neural networks (MLP) [23], (iii) C4.5 decision trees [37], (iv) k-nearest neighbors (Weka-IBk) [1].
For the implementation of these algorithms, we used the
WEKA toolkit [35]. For the SVM algorithm we used the
radial basis function kernel, with empirically selected parameters of C=30 and gamma=0.01. These classification
algorithms were trained with the scores estimated by the
speaker recognition engine described in the previous subsection (B).

4

Experimental Results

a point where performance is optimal given the training In Section 2 the framework was described and Section 3
data.) In mode (a), speakers were enrolled with 15 dif- provided the implementation details. In this section, the
ferent pass-phrases which were identified by specific sub- results obtained by a 10-fold cross validation protocol
ranges in the Sentence rows. For each speaker sentences used by the fusion will be described. The metric used for
01 to 05 were taken from session 04, sentences 06 to 10 the speaker identification was the identification accuracy.
were taken from session 01 and the rest (sentences 11 to

The experimental results for the evaluated classification
15) were taken from session 07. All of the 15 sentences algorithms for both text-dependent and text-independent
used in the enrolment were prompted during testing.
modes of speaker identification operation are tabulated
For mode (b), the enrolment is done in similar way as in Tab. 2. The identification accuracy using the maxthe previous mode. However, the test data is exclusively imum selection criterion is considered as the baseline
different from the enrolment data. Here, the remaining methodology for speaker identity selection. As can be
15 sentences (from 16 to 30) of the speaker were used seen in Tab. 2.

the best performing classification al-

in testing. For the classification selection stage, we re- gorithm for selecting the speaker identity based on the
lied on a number of well-known and widely used ma- scores generated by the use of speaker GMM-UBM modchine learning algorithms based on statistical signal mod- els was the support vector machines, both for the texteling. Specifically, the following algorithms were used: dependent and the text-independent case. Specifically
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Tab. 2: Speaker identification rates (in percentages) for
text-dependent and text-independent modes of operation
Method
TextTextDependent Independent
Maximum89.08
73.93
Selection
Support Vector
96.16
88.40
Machine
Multi-Layer
94.36
84.47
Perceptron
Decision tree
66.19
49.13
(C4.5)
k-nearest
91.19
73.87
neighbour (IBK)

H. Gan, I. Mporas, S. Safavi, R. Sotudeh

where speaker recognition systems are exposed to various types of interferences. Especially in the case of textindependent speaker identification, which is more often
met in real-life applications, the presented significant improvement could be necessary.

5

Conclusion

Speaker identification accuracy when using clean speech
is in general high, especially for a text-dependent scenario. However, the text-independent scenario is closer to
realistic and everyday applications. In this paper, we presented an evaluation of different classification algorithms

SVM achieved identification accuracy equal to 96.16%
for the text-dependent operation mode and 88.40% for the
text-independent mode. This corresponds to an absolute
improvement of approximately 7% and 14.5% for textdependent and text-independent respectively.

for selecting the identity of a user (speaker) based on the
model scores of a closed-set of speakers. The experimental results indicated that discriminative algorithms and especially support vector machines, can significantly improve the speaker identification rate when comparing with

the baseline maximum score selection criterion. Since the
Both discriminative algorithms, i.e. the support vec- classification selection scheme operated equally well in
tor machines and the multilayer neural network achieved the text-independent scenario, it is appropriate for use in
significantly higher scores compared to the rest of the real-world applications where robust identification of the
evaluated classification algorithms. The superiority of the user (speaker) is required. Also, the work done in this
SVMs arises because they perform well in higher dimen- paper has provided a range of performances which sugsional spaces - an advantage that can be exploited since gests that fusion could be extended in directions other than
they do not suffer from the curse of dimensionality (po- a discrimination of identity such as speaker verification,
tential increase of data that causes over-fitting). More- which involves two classes as opposed to the multi-class
over, SVMs have the advantage over other approaches, problem in speaker identification. Within the two paralsuch as neural networks, in that the cost function in their lels of speaker identification and verification there is also
training always reaches a global minimum [6]. For the scope to consider the robustness of the technique against
rest of the evaluated algorithms, the IBk algorithm did spoofing attacks.
not demonstrate any significant improvement compared
to the baseline maximum-selection approach, while the
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