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Abstract

With the improvement of ecological environment awareness and the progress of science and
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technology, the prediction research of meteorological data has gradually become a hot topic in the
field of deep learning. Meteorological data are not only extremely important data in meteorological
research, but also can be used in scientific research in many fields such as environment and
energy, and play an important role in the development of economy and ecological environment in
China. Due to the characteristics of meteorological data with multiple fluctuations, nonlinearity and
extreme data, this paper constructs a hybrid prediction model based on LSTM neural network after
wavelet transform and noise reduction. The model first decomposes the original meteorological
data into low-frequency and high-frequency components through wavelet transform, and then
denoises and recombines them. Then, the LSTM network model is used to model and predict,
and the meteorological indicators in the future are used as the final prediction result. This
paper takes the average wind speed, surface temperature and precipitation as the final
prediction goal. The research results show that, compared with a single model such as Long
Short-Term Memory (LSTM) neural network, the prediction method proposed in this paper has
higher prediction accuracy and smaller prediction error, which can provide solutions with
reference value for meteorological early warning, natural disaster management and other
departments.
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Figure 1. Wavelet noise reduction process
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Figure 2. LSTM network element structure
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Figure 3. Comparison of average wind speed time series data after wavelet transformation
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Figure 4. Comparison of surface temperature time series data after wavelet transformation
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Figure 5. Comparison of precipitation time series data after wavelet transformation
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Figure 6. Comparison between the predicted average wind speed and the actual values
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Figure 7. Comparison between the predicted surface temperature and the actual values
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Figure 8. Comparison between the predicted precipitation and the actual values
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