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Sensor Dynamic Modeling Based on Genetic Optimization LS-SVM Algorithm
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Abstract: Sensor dynamic modeling is important means for researching operational mechanism of sensor, evaluating dynamic performance
indexes and designing dynamic correct element. On the basis of analyzing the least square support vector machine (LS-SVM) regression algo-
rithm, in accordance with the selection for adjustable parameters, the global optimization based on genetic algorithm is proposed. The result of
simulation indicates that applying genetic optimization LS-SVM algorithm in sensor dynamic modeling features advantages of fast learning speed

and high accurate modeling, and the model built is more reliable and practicable, it creates favorable conditions for improving dynamic perform-

ance and online compensation of the sensors.
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Fig.1 Major structuring process of GA
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Fig.2 Effect of modeling with masked noise
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