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Abstract : The accuracy of wireless sensor network data is highly important for intelligent system decision—making and environmental mo-
nitoring optimization. To counter the problem that sensor equipment is susceptible to the influence of external environmental alterations
and its inherent attributes during the working process, subsequently resulting in the data drift phenomenon and the deviation of data
accuracy , we proffer a data drift calibration approach based on CNN-BiLSTM-Attention—KF in wireless sensor networks. Initially, CNN
was harnessed to extract the local traits of the data, BILSTM seized the long—term dependency relationship of the time series data,and At-
tention was incorporated to augment the model’s capacity to handle the key information in the data series. It was modelled in line with the
spatiotemporal correlation of the node data, and the predicted value of the node requiring calibration was acquired. Subsequently, the
predicted value and the actual observed value of the node were utilized as the input of the Kalman filter to monitor and calibrate the drift
data. Experiments are carried out on the public dataset IBRL evince that the proposed method has manifested improvements in diverse e-
valuation indicators. Among them,the mean absolute error (MAE) is lowered to 0.325 5,the mean square error (MSE) is reduced to
0.228 9, and the correlation coefficient( R?)ascends to 0.988 2, all of which outshine other algorithms. The CNN-BiLSTM-Attention—
KF methodology exhibits a superb calibration effect and holds great influence for the sensor to uphold data accuracy during prolonged
working hours.
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