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[Abstract]

Artificial neural networks are algorithms that simulate learning through interaction and experience in neurons in the brain and
that are a method that can be used to produce accurate results through learning that reflects the characteristics of data. In this
study, a model using deep neural network was presented to improve the predicted wind speed values in the meteorological
dynamic model. The wind speed prediction improvement model using the deep neural network presented in the study constructed
a model to recalibrate the predicted values of the meteorological dynamics model and carried out the verification and testing
process and Separate data confirm that the accuracy of the predictions can be increased. In order to improve the prediction of
wind speed, an in-depth neural network was established using the predicted values of general weather data such as time,
temperature, air pressure, humidity, atmospheric conditions, and wind speed. Some of the data in the entire data were divided into
data for checking the adequacy of the model, and the separate accuracy was checked rather than being used for model building
and learning to confirm the suitability of the methods presented in the study.
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