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Preface

Thanks to the quick development of multimedia techniques, a large amount of data
can be collected in different ways. In a large number of real-world applications, the
source data or signal is obtained from multiple domains or represented by different
measurements. For example, a person could be verified via fingerprint, palmprint, or
iris, and a pair of given samples can be measured by the Euclidean or Mahalanobis
distance. Generally, the unique representation fails to properly extract valuable
information for various applications. Thus, it is significant to conduct research on
how to efficiently achieve information fusion.

Information fusion is to combine different types of data to get more accurate,
consistent, and useful information compared with any individual modality. Based
on the fusion stage, information fusion processes are usually classified into three
categories, including low, intermediate, and high levels.

This book introduces various fusion algorithms based on different techniques,
including sparse/collaborative representation, Gaussian process latent variable
model, hierarchical structure with Bayesian theory, metric learning, score/classifier
fusion, and deep learning, respectively. Thanks to these techniques, not only the
correlation among multiple features or modalities obtained from a single sample
is efficiently exploited but also multiple metrics are utilized to more powerfully
and reasonably fit complex scenes of the real-world data. Both do contribute
to the performance improvement, and these methods are also widely applied to
various pattern recognition fields, including image classification, face verification,
disease detection, and image retrieval. The book will be useful for researchers,
experts, and postgraduate students, who work in the fields of machine learning,
pattern recognition, computer vision, and biometrics. It will be very useful for
interdisciplinary research.
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