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Abstract
Space Operation Center RTAF installed a telescope
for space situational awareness operation at Doi Inthanon

Reporting Post which has disadvantages in inclement weather

and air humidity fluctuations that are difficult to predict. These
disadvantages directly affect operation planning. The aim
of this study was to train a forecasting model of air humidity
level for each period at night using weather data that collected
during the daytime, such as data obtained from the
Davis weather station, Doi Inthanon National Park, Northern
Meteorological Department, and Pollution Control
Department. In order to obtain an effective forecasting model
for air humidity, in this study, four time-series forecasting
algorithms were selected as follows: 1. Autoregressive
integrated moving average (ARIMA) 2. Feed-Forward Neural
Network 3. Long Short-Term Memory with 1 parameter and 4.
Long Short-Term Memory with 5 parameters. After comparing
the root mean square error (RMSE) value of each model.
The Long Short-Term Memory algorithm with 1 parameter

provides the best forecasting result.
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