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Abstract

Speaker recognition is to verify or identify individual’s identity
by his/her voice and features extracted in advance. Robust speaker
recognition techniques attempt to maintain the performance of a
recognition system under the adverse conditions such as degradation
of input voice quality or characteristic mismatch of phoneme,
segmentation or acoustics between training and testing environments.
Many researchers of the world in this field focus on how to improve
the robustness of a speaker recognitioh system now.

Another research hotspot is neural networks. The neural
networks are widely used by its capabilities of high parallel, non-
linearity, distributed storage, fault tolerance, self-adaptation and self-
learning. Since people were cognizant of the non-linearity within the
voice signal, neural network techniques became an important
approach of speaker recognition.

Based on the advancement of speaker recognition and neural
networks, a specific speaker feature mapper based on elliptical basis
function neural networks is presented in this paper. There are two
ways to improve the robustness of the speaker recognition system.
One is to select a proper type of neural networks, to optimize the
parameters, so that it can maintain high performance of sample
representation even if the features of voice signal was overlapped on
sample space. Another way is the method of compensation. To
recover the clean signal from the distorted signal which influenced

v
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by different environment or channel. The main idea, innovative
concepts, approaches and neural structures are described as follows.

Firstly, the article describe the advantages of radial basis
function (RBF) neural networks by comparing with other kinds of
neural nets such as the BP networks and the conventional
probabilistic neural networks. At the meantime, we discuss the
selection of radial basis function. Then the elliptical basis function
(EBF) neural network is inducted. Instead of diagonal covariance
matrices of RBF nets, full covariance matrices were used in EBF
networks. It has different function widths in different directions so
that complex distributions could be represented without the need for
using a large number of basis functions.

Secondly, clustering is a very important factor which affects the
performance of EBF networks. The best theoretical solution to a
partitional clustering problem is to find all possible partitions and
choose the partition that minimizes the objective function. However,
the enumeration of all possible partitions is impractical even for data
sets of moderate size. Therefore, as an alternative, most partitional
approaches use an iterative optimization techniqué. And this could
be cause local minimum. Classical partitional approach such as K-
means also have the problem that have to predefine the number of
clusters before training. And in most case, the number could not to
be known in advance. An extended rival penalized competitive
learning (RPCL) algorithm, which incorporates full covariance
matrices, is proposed in this paper. By using this algorithm, an
appropriate number of clusters are determined even if the clusters

v
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are overlapped or input vectors contain dependent components. At
the meantime, it alleviates the initial conditional sensitivity of the
original RPCL algorithm, since the most initial units are kept during
the first several iterations in the extended RPCL algorithm, they
could be attended the later competition. The idea for combining the
extended RPCL algorithm and the EBF networks, which considered
the complexity of the data forms in practice and discarded the
constraint of equal covariance of the conventional RBF networks,
has better representation for complicated data.

Thirdly, this paper discuss the concept, convergence and
convergence rate of expectation-maximization (EM) algorithm, and
point out the EM algorithm has advantages in parameter
optimization. The EM algorithm needs not to calculate the Hessian
and it can approximate a super-linear method. Compare with those
gradient ascent methods, the EM algorithm convergence
monotonously without setting the parameter of step size. By reason
of those virtues, we apply the EM algorithm to optimize the
parameters of the EBF networks in this paper. The speaker
recognition experiment results show that by using EM algorithm to
optimize the EBF networks, system have superior performance than
RBF networks and EBF networks without EM.

Fourthly, the article point out the disadvantages of cepstral
mean subtraction (CMS), which is used in speech processing
popularly. The CMS is based on two assumptions: the cepstral mean
of clean speech is zero and the channel is linear. In this paper, we
propose a novel compensation method that does not rely on any of

VI
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the above assumptions. We propose a novel specific speaker feature
mapper based on EBF network can recuperate the clean data from
the distorted speech data. In this paper, we describe the idea and the
steps for constructing the mapper in detail. By using the mapper and
the procedures of recuperation, we can recover the clean features
effectively. Experiment results show that it can reduce the equal
error rate enormously. At the end of the paper, the article point out
that it is more practical to construct a speaker specific or an
environment specific mapper than to construct a universal mapper
through an experiment.

Finally, the article developed speaker recognition system
software by applying a hybrid method with the extended RPCL and
EM algorithm to optimize the parameters of the EBF networks. The
software can train, test and modify the data from the voice database,
It can add new speaker voice, and to sample and to extract the
features automatically. It also can test and judge the unknown voice,
show to accept or to reject the speaker. The software works well in
practice and has a wide prospect.

Keywords: robust speaker recognition, EBF networks, extended RPCL
algorithm, EM algorithm, feature mapper
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