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Downscaling Technique of the Monthly Precipitation Data using Support Vector Machine
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Abstract

The research of climate change impact in hydrometeorology often relies on climate change information. In this paper, neural
networks models such as support vector machine neural networks model (SVMENNM) and mwiltilayer perceptron neural networks
model (MLP-NNM) are proposed statistical downscaling of the monthly precipitation. The input nodes of neural networks models
consist of the atmospheric meteorology and the atmospheric pressure data for 2 grid points including 127.5°E/35°N and 125°E/35°N,
which produced the best results from the previous study. The output node of neural networks models consist of the monthly
precipitation data for Seoul station. For the performances of the neural networks models, they are composed of training and test
performances, respectively. From this research, we evalvate the impact of SVM-NNM and MLP-NNM performances for the
downscaling of the monthly precipitation data. We should, therefore, construct the credible monthly precipitation data for Seoul station
using statistical downscaling method. The proposed methods can be applied to future climate prediction/projection using the various
climate change scenarios such as GCMs and RCMs.
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2.1 X|X[HE{7|7 AMA2UDS (Support Vector Machine Neural Networks Model, SVM-NNM)
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22 CEEHMEE AMZUDRS (Multilayer Perceptron Neural Networks Model, MLP-NNM)
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4.2 B|AEDE (Test Performance)
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(a) 500mb (127.5°E/35°N)

(b) 500mb (125°E/35°N)

(¢) 850mb (127.5°E/35°N)
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(d) 850mb (125°E/35°N)
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(a) 500mb (127.5°E/35°N)

(b) 500mb (125°E/35°N)

T8 4. ZXFEoIA

(¢) 850mb (127.5°E/35°N)
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(d) 850mb (125°E/35°N)

Testing Performance
Latitude/Longitude Statistical Index 500mb 850mb
MLP-NNM | SVM-NNM | MLP-NNM | SVM-NNM
CC 0.743 0.852 0.847 0.853
RMSE 99.075 77.268 79.106 57.680
127.5°E/35°N
E 0.542 0.723 0.708 0.722
AARE 0.158 0.101 0.123 0.339
CC 0.766 0.856 0.814 0.854
RMSE 95.465 58.325 89.278 57.031
125°E/35°N
E 0.578 0.715 0.630 0.728
AARE 0.150 0.187 0.163 0.401






