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Abstract: Data drifts easily occur in wireless sensor network. To solve this problem, we propose a novel algorithm for
tracking and calibrating the drifts of sensor data stream. First, backpropagation (BP) neural network optimized by genet-
ic algorithm is applied to model the spatio—temporal correlations between the target node and its neighbor nodes to pre-
dict the value of the node, and then, the data drift of the node is tracked and calibrated by a Kalman filter. The simula-
tion results using different datasets demonstrate that this method has superior prediction accuracy and calibration per-
formance, compared with other methods. The experimental results show that this method can accurately calibrate the
sensor drift and improve the reliability of node data.

Keywords: wireless sensor network; data drift; blind correction; BP neural network; genetic algorithm; Kalman filter;
denoising; model building
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Fig.1 Data drift calibration framework of GABP-KF algorithm
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Table 2 Comparison of the fitting degree among four algorithms
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Table 3 Comparison of the drift calibration performance among four algorithms

DRB-KF BP-KF SVR-KF GABP-KF
ﬁﬁ% 2 2 2 2
MSE R MSE R MSE R MSE R
I 0.230 5 98.10% 0.1711 97.93% 0.403 0 96.39% 0.017 1 99.35%
Il 0.898 2 93.44% 0.401 4 93.76% 1.0512 91.77% 0.0217 98.59%
i 0.099 8 98.71% 0.246 7 96.10% 0.188 7 97.24% 0.107 5 98.11%
v 0.376 1 97.81% 03106 98.72% 03792 97.53% 0.058 4 98.28%
\% 0.080 6 99.12% 0.089 0 99.17% 0.0377 99.38% 0.004 4 99.98%
FH{E 0.3370 97.44% 0.243 8 97.14% 0.4120 96.46% 0.041 8 98.86%
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