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Mobile wireless sensor network has recently attracted considerable attention and it is possible to get various environmental 

parameters, such as temperature, humidity, and pressure, wherever any time. But these micrometeorological data have complex 

correlation among different data and the characteristics change according to the time elapsed. Thus, it is difficult to predict these 

meteorological data by using existing machine learning algorithms. In this paper, we propose a short-distance data collection 

method (SDC) to extract critical data automatically for high-accuracy micrometeorological data prediction. We applied it to 

SW-SVR, which is our previously proposed improved support vector regression algorithm, and revealed that the prediction 

accuracy was improved by maximum 78%, and the calculation time was reduced by maximum 57% inn SW-SVR with SDC. 
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