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Temperature Compensation of Fiber Bragg Grating Current Sensor
Based on Optimized Neural Network Algorithm

Sun Shiqing, Chu Fenghong
School of Electronics and Information Engineering, Shanghai University of Electric Power, Shanghai 200090, China

Abstract The changes of temperature and strain will cause the center wavelength drift of fiber Bragg grating
(FBG) reflection wave. The FBG can be combined with giant magnetostrictive material (GMM) to measure the
current, but the cross sensitivity of temperature and strain seriously affects the accuracy of the current
measurement. The neural network has strong nonlinear mapping ability, which can adaptively find out the internal
law of the sensor to compensate the temperature effectively. For the problem of neural network is easy to fall into
the local minimum, the genetic algorithm is applied to optimize weights and thresholds of neural network and find
the optimal solution of weights and thresholds quickly and accurately. In order to improve the reliability of the
network prediction, the K fold cross validation method is used to solve the problem of small sample size. The
experimental results show that the mean square error of the optimized neural network for current prediction is
0.0038, which improves the measurement accuracy of FBG current sensor.
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Fig. 1 Structure diagram of FBG current sensing system (inset | is incident spectrum of optical source,
inset Il is reflection spectrum of FBG, and inset [l is transmission spectrum of FBG)
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Fig. 3 Flow chart of optimized neural network algorithm
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Table 1 FBG center wavelengths at different currents and temperatures nm
Temperature /°C Current /A -
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
—1.2 1542.626  1542.628 1542.650 1542.680 1542.780 1542.989 1543.288 1543.599
6.4 1542.765 1542.801  1542.822 1542.885 1542.969 1543.023 1543.338 1543.671
10.4 1542.818  1542.841 1542.870 1542.946 1543.016  1543.267 1543.458 1544.012
15.4 1542.995 1542.988 1543.040 1543.122  1543.205 1543.342 1543.650 1544.054
20.4 1543.181 1543.186  1543.235 1543.297 1543.363 1543.565 1543.575 1544.187
26.4 1543.288  1543.298 1543.328 1543.351 1543.543 1543.704 1544.018 1544.317
31.2 1543.479  1543.490 1543.539 1543.596  1543.744 1543.865 1543.916  1544.413
36.4 1543.606  1543.654  1543.714  1543.743 1543.764 1544.132 1544.207 1544.453
41.4 1543.749  1543.842  1543.892  1543.999 1544.123 1544.362 1544.389 1544.786
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Table 2 Data of partial samples of GA-BP network

Ambient temperature /°C Central wavelength /nm Actual current /A Predictive current /A
31.2 1543.539 0.2 0.1786
—1.2 1542.780 0.4 0.3513
20.4 1543.565 0.5 0.5591
—1.2 1542.628 0.1 0.1109
15.4 1544.054 0.7 0.7094
31.2 1543.479 0 0.0798
41.4 1544.389 0.6 0.5781
20.4 1543.297 0.3 0.3026
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