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The application of a combined basis neural network in the
underwater acoustic target classification and recognition

FANG Shiliang LU Jiren

(Department of Radio Engineering, Southeast University, Nanjing: 210018)

In this paper, a combined basis neural network is proposed for underwater acoustic target classification.
It is composed of radial basis functions and multi-layer perceptrons whose characteristics on the classification
are different- It has been demonstrated by the recognition experiment that the network has higher correct
recognition rate and better adaptability to untrained targets than BP or RBF network.
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