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Temperature Compensation of the CO Hectrochemical
Gas Sensor Based on RBF Neural Network

ZHANG Xiaojun,ZHANGMing-lu” ,L | Xiao hui
(School Of Mechanical Engineering, Hebei University Of Technology, Tianjin 300130, China)

Abgtract : The output precison of the CO electrochemical gas sensor is easy to be influenced by the ambient
temperature. In view of this shortcoming, the paper proposes a new temperature compensation method
based on RBF(Raesine Basic Function) neural network , and has done the experimental study by using the
designed gas gathering system. The experiment resultsindicate that the biggest error of the sensor outputs
may be up to 20. 0 % without carrying on any temperature compensation, and is 1. 44 % by adopting the
temperature compensation method based on BP neural network ,even down to 0. 12 % after using the meth-
od based on RBF neural network. Therefore this method may be effectively used in temperature compensa
tion for the CO e ectrochemical gas sensor and make the sensor possess the higher measuring accuracy and
the temperature stability.
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