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Application of Genetic Neural Network in GMI Sensor Design

WU Caipeng, DENG Jiahao

National Key Laboratory of Mechatronic Engineering and Control; School of Mechatronical Engineering, Beijing Institute of
Technology, Beijing 100081, China

Abstract The GMI sensor enjoys many advantages, such as high sensitivity, fast response, but its response characteristics are highly
nonlinear. Although by introducing ac bias, with the AGMI effect, the degree of sensor’s linearity can be improved to some extent, the
linear range and error are still not satisfactory. The BP neural network has the abilities of self-learning, self—adaptation and non-linear
mapping, but its convergence is slow and it is easy to fall into a local minimum. Genetic algorithm has a high global optimization ability,
but its local search ability is weak. To give full play to the advantages of the two methods, a genetic neural network is proposed to solve
the problem of non—linear correction in sensor systems, and according to the designed GMI sensor, using the software of Matlab, we have
implemented the designed genetic neural network. Test result shows that the trained network has an ordered data structure and good
nonlinear mapping properties, which can accurately reflect the function relation of the sensor system. The proposed method has the
advantages of fast calculation and high precision, which may find important applications in designing smart GMI sensors.
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° Table 1 The initial weights of the network
7 > ’
W; 14.66 -558 -12.00 5.73 3.06 2822 -5.04 422
BP W, -6.13 =099 285 -242 496 729 -126 9.96
2
Table 2 Test comparison of the network
VimV =22 -18 -14 -10 -6 -2 2 6 10 14 18
PlOe -2.05 -1.03 -0.56 -0.26 -0.12 -0.02 0.06 0.17 0.54 0.79 1.19
H/Oe -2.07 -1.01 -0.55 -0.25 -0.11 -0.02 0.05 0.18 0.51 0.80 1.20
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