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Abstract Feature selection has been an important preprocessing step in high-dimensional image
data analysis without losing much intrinsic information. By introducing the ideas of Fisher Dis-
criminant Analysis (FDA) and Canonical Correlation Analysis (CCA), the paper discusses the
supervised feature selection problem where samples are accompanied with class labels and propo-
ses a new Locality Preserving Multi-projection Vector Fisher Discriminant Analysis algorithm
called LPMVF. LPMVF takes the local structure of the original data into account, so the multi-
modal samples data can be embedded appropriately. By defining the new guidelines, LPMVF has
the following advantages: (1) LPMVF can be easily computed and can avoid the singular prob-
lems; (2) LPMVF can be easily extended to non-linear feature selection scenarios by employing
the kernel trick; (3) Similar to CCA, LPMVF attempts to find two sets of basis vectors for two

multivariate datasets of different classes, one for each class, which can project the original data
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onto a set of more useful features in the found embedding space, which would be benefit to classi-

fication and pattern recognition; (4) The same with Local Fisher Discriminant Analysis (LFDA),

LPMVF can preserve the local relationships between the data points; (5) In most cases, the

learning performance of the LPMVF method is superior to those of the classical FDA, KFD and

LFDA algorithms. The authors verify the feasibility and effectiveness of LPMVF by extensive vi-

sualization and classification tasks. Experimental results on the benchmark datasets show that

LPMVF and its nonlinear extended algorithm can extract the good features and effectively im-

prove the accuracy by introducing the class labels as priori knowledge.
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of the locality preservation based methods for feature selec-
tion and pattern recognition inspire us to pay more attention
to the locality based techniques.

In this paper. the authors consider the supervised fea-
ture selection problem where samples are accompanied with
class labels and propose an effective feature selection ap-
proach called locality preserving multi-projection vector Fish-
er discriminant analysis (LPMVF). LPMVF takes the local
structure of the original samples data into account, thus the
data points can be embedded appropriately. By defining the
new guidelines, the proposed methods have several obvious
advantages over some established classical feature selection
methods. Experimental results show that the proposed meth-
ods can extract the good features and effectively improve the
accuracies by introducing the class labels as priori knowl-
edge. Furthermore, viewing from the good property for data
visualization, it is very suitable for pattern recognition re-

searches and applications.



