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The long—term agricultural weather forcast methods using machine
learning and GloSeab
on the cultivation zone of Chinese cabbage.
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Abstract Systematic farming can be planned and managed if long—term agricultural weather
information of the plantation is available. Because the greatest risk factor for crop cultivation is the
weather. In this study, a method for long—term predicting of agricultural weather using the GloSeab and
machine learning is presented for the cultivation of Chinese cabbage. The GloSeab is a long—term
weather forecast that is available up to 240 days. The deep neural networks and the spatial
randomforest were considered as the method of machine learning. The longterm prediction
performance of the deep neural networks was slightly better than the spatial randomforest in the sense
of root mean squared error and mean absolute error. However, the spatial randomforest has the

advantage of predicting temperatures with a global model, which reduces the computation time.
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Fig. 2. Proposed structure diagram of spatial
random forest[13]
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