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The Study on Multi-scale Convolutional Long Short-Term Memory Neural

Network for Temperature Bias Prediction

Abstract

Weather forecasting is closely related to human life and property. Accurate weather forecasting
can help emergency management and reduce economic loss, and create a lot of business value.
improve business value and human quality of life.

Traditional numerical weather prediction system is a method to predict future climate by
inputting weather data from weather stations, weather radar and balloons, and constructing weather
prediction models through supercomputers to deduce complex atmospheric equations. Due to the
complexity and uncertainty of weather, it is not possible to adapt to the mathematical formula, thus
generating weather prediction errors, and there is still a long way to go to correct weather prediction
errors and improve the accuracy of prediction.

the Central Weather Bureau, MOTC currently uses the Decaying Average method for
temperature forecast error correction. The Decaying Average method uses a fixed weight to calculate
the delayed relationship between the current point in time and the temperature forecast error of the
previous moment, which has achieved good results, but there is still a gap with the actual observation.

In recent years, the development of deep learning and the advancement of computer computing
power have led to the gradual formation of deep learning algorithms for weather prediction, among
which the long convolutional long short-term memory neural network has become the classical
algorithm for capturing the spatial and temporal characteristics of weather.

This paper uses a deep learning model to correct the error of the first day of temperature
prediction in Northern Taiwan, and uses three years of data from the Central Weather Bureau from
2017 to 2019 from the 15th to the 19th of each month as the test set, and three years of data minus
the test set for modeling.

The result shows that the Mean Absolute Error (MAE) of the Day 1 forecast field in Northern
Taiwan. The MAEs of the original forecast field, DecayingAverage, ConvLSTM model and the
proposed model are 1.9855, 1.6422, 0.9201 and 0.7347, respectively. the depth-time model can
effectively correct the forecast errors of the numerical weather system, among which the proposed
model performs the best.

Keywords: Decaying Average, ConvLSTM, spatio-temporal sequence ,deep learning, Forecast error
correction, NWP



