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Abstract : To solve the intrindgc shortcomings in general oil layer recognition methods ,which is hard to obtain an ideal
effect in application, the oil layer recognition model of L S SV M based on the improved PSO agorithm is presented to
iteratively solve the linear system of equationsin LS SVM agorithm, which is a new improved form by syntheszed
the existing model of PSO. By using the improved LS SVM agorithm, the problem of solving inverse matrix is
resolved and the training velocity of L S SVM agorithmis quickened. Memory is saved and the least square solutionis
always got. The actual application shows that the improved L SSVM model is superior to BP and SVYM model in oil
layer recognition, which not only has much greater accuracy , but a0 improves the velocity of convergence.
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