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Application o L VQ neural network combined with the genetic
algorithm in acougtic seafloor classification
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Abgract The Learning Vector Quantization (LVQ) neurd network gpproach has been widdy used in acoudtic
sdloor classfication. However , one of the mgor weak points of LVQ is its sendtivity to the initidization,
dfecting the sedfloor clasdfication accuracy. In this pgper, Genetic Algorithm (GA) is used to optimize the
initid vauesd LVQ. The GA-based LVQ can rapidy provide the mog optimized initid reference vectors and
accurately identify many typesd sedfloor , such asrock , grave , sand , fine sand and mud in survey areas. The
proposed new goproach has been gpplied to sedfloor dasdfication usng Mutibeam Echo Sunder (MBES)
backscatter data in Jiaozhou Bay near Qingdeo City of China. Gonparing the evolving LVQ with the gandard
LVQ, the experiment results indicate that the goproach of GA-based LVQ has inproved the sedfloor
clasdfication gpeed and accuracy.
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