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Abstract
One of the most hard tasks in image classification to find a method

being applicable on large scale multi-class problems where the sample
size and number of the features are huge.

Linear discriminant analysis as a classical method for multi-class
classification, which was introduced by Fisher (1936) [4], plays an im-
portant role in the machine learning society recently. The kernelized
version of this method are discussed in several papers, however they
generally deal with the two class version of this approach. Bartlett
recognised, in 1938 [2], there is strong relationship between the Fisher
Discriminant and the Canonical Correlation Analysis and this state-
ment is valid for the multi-class case as well. Based on this work
Barker et al. (2003) [1] and Rosipal et al. (2003) [10] discuss the de-
tails about this relationship and show the appropriate kernel approach
to this problem.

Using Canonical Correlation for multi-class classification in large
scale problem suffers from the numerical difficulty to solve the gen-
eralised eigenvalue problem to provide the optimum. We present an
analogue classification procedure based on linear optimisation which
is able to extend the scale range of the solvable problems and to give
sparse solution. Our method exploits the relationship between the L1
norm SVM and the boosting approach which were presented by Ben-
nett et al. (2000) [3], Mangasarian (1999) [5] and Meir et al. (2003)
[6]. Additionally, the formulation based on the soft margin SVM can
solve the problem when the number of the features are less than the
number of the observations in a given sample.
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