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An adaptive genetic instance selection algorithm for
underwater acoustic target classification

DAI Jian, YANG Hong-hui, WANG Yun, SUN Jin-cai
(School of Marine Engineering, Northwestern Polytechnical University, Xi’an 710072, China)

Abstract: In this paper, a new adaptive genetic instance selection algorithm (AGISA) is proposed for underwater
acoustic target classification. The AGISA is proposed to address the problem that the classification performance in
classifying underwater acoustic targets declines and becomes unstable as the training instance set contains noise samples,
redundant samples and irrelevant samples. The AICISA generates an initial population randomly, and then generates
new generations through designed genetic operators (cross-generational selection, adaptive crossover and reduced
nearest neighbor mutation). In each generation, antibodies with less number of features and with high classification
accuracy are given higher fitness values. The multi-field features are extracted from 3 classes of underwater targets, and
used in instance selection and classification experiments. Experimental results show that AGISA can select the subset of
efficient instances, and there is about 2% increase in the accuracy of SVM classifier when the number of features de-
creases about 70%. AGISA has good convergence and stability, and the instance subset obtained by AGISA achieves
good generalization ability, which can reduce the classification time obviously.

Key words: adaptive genetic instance selection, underwater acoustic target classification, instance selection, sample
classification
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