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TheDanarcatngM ethod of Infrared M easur ng Tem perature
Systean on the BP Neural Network

L U Chan-lao, TAN Li-xun, L I Chun-yan
(School of Opipelectronical Engineering, Xi' an Institute of Technology, Xi' an 710032, China)

Abstract:Basic principle of the infrared measuring temperature demarcatingmethod and the BP neural netvork is in-

troduced The back Denarcating method of neural netvork is described in detail The gpplication of Demnarcating

method neural netvork in fitting the curves of physical experiments is studied Through training and smulating under
MATLAB, the advantage of usingBP algorithm neural nework in physical curve fitting isproven And itsprecision is

by far higher than the minimum double multiplication fitting © as o offer a nev method o deal with the tamperature
deamarcating softvare
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