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ABSTRACT

Purpose: In this paper, using artificial neural network algorithm, the Korean Peninsula was analyzed
for drought vulnerable areas by predicting weather data changes. Method: Monthly cumulative preci-
pitation data were utilized for research areas considering the specific nature areas, and weather data
prediction through artificial neural network algorithm was carried out using statistical program R. The
predicted data were applied to the Standardized Precipitation Index (SPI) to analyze drought
vulnerable areas in the Korean Peninsula. Result: In this paper, the correlation coefficient values
between real and predicted data are found to be 0.043879 higher on average than the regression
results, using artificial neural network algorithms. Conclusion: The results of the research are
expected to be used as basic research materials for responding to drought.
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Table 1. Four typical drought classifications and drought indexes

Drought Type Drought Index
Meteorological Drought SPI(Standardized Precipitation Index; McKee et al., 1993)
Agricultural Droughts SMDI(Soil Moisture Drought Index; Hollinger et al., 1993)
Hydrological Drought PHDI(Palmer Hydrological Drought Index: Palmer, 1965)
Socioeconomic Drought SEDI(Socioeconomic Drought Index: Shi et al., 2018)
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Fig. 2. SPI 3 Nugar precipitation time series process
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