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ABSTRACT

Linear discriminant analysisisastatistical analysis method that isgenerally used for dimensionality reduction of the
feature vectors or for class classification. However, in the case of a data set that cannot be linearly separated, it is
possible to make a linear separation by mapping a feature vector into a higher dimensional space using a nonlinear
function. This method is called generalized discriminant analysis or kerndl discriminant analysis. In this paper, we
carried out target classification experiments with active sonar target signals available on the Internet using both liner
discriminant and generalized discriminant analysis methods. Experimental results are analyzed and compared with
discussions. For 104 test data, LDA method has shown correct recognition rate of 73.08%, however, GDA method
achieved 95.19% that is also better than the conventional MLP or kernel-based SVM.
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Table. 1 Typical kernel functions
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Fig. 1 Feature vector extraction of UCI sonar data [1]
(a) Spectrogram of the sonar return
(b) 60-dimension average power spectrum
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Table. 2 Experimental results using LDA (training data)

Class Metal Rock
Metal 42/49(85.71%) 6/55(10.91%)
Rock 7/149(14.29%) 49/55(89.09%)

Table. 3 Experimental results using LDA (test data)

Class Metal Rock
Metal 46/62(74.19%) 12/42(28.57%)
Rock 16/62(25.81%0) 30/42(71.43%)
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Classification of UCI sonar data with GDA
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Fig. 2 (a) Projected value of training data using GDA,
(b) projected value of test data using GDA
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Table. 4 Experimental results using GDA (training data)

Class Metal Rock
Metal 49/49(100%) 0/55(0%)
Rock 0/49(0%) 55/55(100%)

Table. 5 Experimental results using GDA (test data)

Class Metal Rock
Metal 58/62(93.55%) 1/42(2.38%)
Rock 4/62(6.45%) 41/42(97.62%)
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