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A Sensor Data Weighting Algorithm Based on Improved Kalman
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Abstract; The development of the Internet of Things (IOT) and big data puts forward new requirements for the data quality and
processing speed of the IOT, while the original data of the IOT will seriously affect the reliability and effectiveness of the analysis results
due to the impact of noise and false outliers,such as the direct application to big data analysis,and the deployment of a large number of
sensors also leads to the multiple growth of the number of false outliers. At the same time, due to the large number and limited
performance of IOT terminals,low data value density,low cost performance and versatility of using machine learning methods to process
sensor data,how to efficiently, reliably and universally process sensor data and carry out anomaly detection has become a hot issue. Based
on the statistical method ,combined with Kalman filtering and weighted fusion, we propose a weighted sensor processing and prediction al-
gorithm. Compared with the moving average, MSE and MAE have been improved and the performance has been improved obviously.
The performance of the prediction model before and after data processing has been verified by lightgbm algorithm, which proves that the
data processed by this algorithm is easier for model training and prediction.
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