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Abstract

In order to minimize the damages caused by long-term drought, appropriate drought management plans of
the basin should be established with the drought forecasting technology. Further, in order to build reasonable
adaptive measurement for future drought, the duration and severity of drought must be predicted quantitatively
in advance. Thus, this study, attempts to forecast drought in Korea by using an Artificial Neural Network
Model, and drought index, which are the representative statistical approach most frequently used for
hydrological time series forecasting. SPI (Standardized Precipitation Index) for major weather stations in
Korea, estimated using observed historical precipitation, was used as input variables to the MLP (Multi
Layer Perceptron) Neural Network model. Data set from 1976 to 2000 was selected as the training period
for the parameter calibration and data from 2001 to 2010 was set as the validation period for the drought
forecast. The optimal model for drought forecast determined by training process was applied to drought
forecast using SPI (3), SPI (6) and SPI (12) over different forecasting lead time (1 to 6 months). Drought
forecast with SPI (3) shows good result only in case of 1 month forecast lead time, SPI (6) shows good
accordance with observed data for 1-3 months forecast lead time and SPI (12) shows relatively good results
in case of up to 1~5 months forecast lead time. The analysis of this study shows that SPI (3) can be used
for only 1-month short-term drought forecast. SPI (6) and SPI (12) have advantage over long-term drought
forecast for 3—~5 months lead time.
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Table 1. SPI Drought Categories (Mckee et al., 1993)

SPI Range Moisture Condition
2.00 < Extremely Wet
1.50 ~1.99 Very Wet
1.00 ~1.49 Moderately Wet
-0.99 ~0.99 Near Normal
-1.00 ~-1.49 Moderately Dry
-1.50 ~-1.99 Severely Dry
<-2.00 Extremely Dry
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Fig. 1. SPI Time Series (1976-2010) for 4 Different Weather Stations
Table 2. Trend Analysis for SPI Time Series (1976-2010) using Mann—Kendall Test
SPI (3) SPI (6) SPI (12)
Confidence limit:90% Confidence limit:90% Confidence limit:90%
MK-Statistics Trend MK-Statistics Trend MK-Statistics Trend
Seoul 1.48 A 2.30 1 291 1
Daejeon 0.44 A 0.70 A 1.09 A
Daegu -0.44 v 0.54 A -0.28 v
Gwangju 0.17 A 0.74 A 1.45 A
1: Increasing trend that satisfy the confidence level
| Decreasing trend that satisfy the confidence level
A Increasing trend that does not satisfy the confidence level
V. Decreasing trend that does not satisfy the confidence level
©r No trend
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Table 3. Back Propagation Training Results and Model Summary

Seoul | 6

SEI Model Proflle Training Number of Input Layer | Number of Hidden Layer
3 MLP12:12-13-12:12 | Back Propagation 12 13
MLP12:12-16-12:12 | Back Propagation 12 16
12 | MLP12:12-16-12:12 | Back Propagation 12 16
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Fig. 7. Comparisons between Forecasted and Observed SPI (12) (2001 ~2010) over Different
Forecasting Lead Time
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Table 4. Forecasting Measures between Observed and Predicted SPI (2001 ~2010)

Lead
SPI ) Time 1 month | 2 month | 3 month | 4 month | 5 month | 6 month
Forecasting
Measure
RMSE 0.73 0.85 0.91 0.91 0.86 0.86
SPI (3) MAE 0.45 0.54 0.55 0.54 0.52 0.58
R 0.58 0.26 0.04 -0.08 0.10 0.15
RMSE 0.62 0.77 0.82 0.81 0.79 0.78
Seoul | SPI (6) MAE 0.47 0.60 0.64 0.62 0.61 0.63
R 0.62 0.32 0.21 0.15 0.16 0.22
RMSE 0.52 0.63 0.67 0.69 0.71 0.74
SPI (12) MAE 0.35 0.43 0.49 0.52 0.55 0.59
R 0.77 0.65 0.61 0.57 0.56 0.52
RMSE 0.84 0.94 1.00 1.00 1.00 1.00
SPI (3) MAE 0.69 0.75 0.80 0.81 0.80 0.77
R 0.53 0.28 0.01 -0.06 -0.08 -0.08
RMSE 0.74 0.93 0.99 1.11 1.13 1.10
Daejeon | SPI (6) MAE 0.58 0.74 0.81 091 0.93 0.96
R 0.72 0.50 0.38 0.17 0.05 -0.03
RMSE 0.55 0.75 0.76 0.79 0.86 0.93
SPI (12) MAE 0.39 0.52 0.52 0.57 0.65 0.91
R 0.85 0.69 0.67 0.63 0.53 0.44
RMSE 0.81 1.00 1.02 1.01 1.04 1.05
SPI (3) MAE 0.63 0.81 0.84 0.83 0.86 0.83
R 0.61 0.28 0.13 0.11 -0.04 -0.03
RMSE 0.88 1.01 1.07 1.15 1.20 1.22
Daegu | SPI (6) MAE 0.63 0.83 0.89 0.95 0.99 1.04
R 0.69 0.48 0.43 0.35 0.22 0.14
RMSE 0.58 0.72 0.82 0.87 0.96 1.04
SPI (12) MAE 0.35 0.52 0.60 0.66 0.78 1.16
R 0.88 0.80 0.74 0.71 0.64 0.60
RMSE 0.79 1.01 1.05 0.97 0.97 0.99
SPI (3) MAE 0.63 0.81 0.83 0.77 0.79 0.75
R 0.60 0.25 0.16 0.21 0.18 0.11
RMSE 0.70 0.92 1.04 1.06 1.15 1.05
Gwangju | SPI (6) MAE 0.51 0.70 0.83 0.85 0.95 0.87
R 0.67 0.39 0.26 0.18 0.02 -0.06
RMSE 0.40 0.53 0.57 0.63 0.68 0.72
SPI (12) MAE 0.27 0.35 0.42 0.48 0.52 0.63
R 0.86 0.75 0.71 0.63 0.55 0.49
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Table 5. Statistical Comparison between Observed SPI3 and Forecasted SPI3 Based on the Moisture
Conditions (2001 ~2010)

Moisture . : Lead Time (month) Number of
Condition Staibion Sitzibies 1 D 3 4 5 6 Events
RMSE | 046 | 095 | 128 | 145 | 149 | 163
Seoul MAE | 038 | 08 | 122 | 140 | 146 | 159 13
R 062 | 035 | 036 | 033 | 049 | 025
RMSE | 077 | L1l 146 | 143 | 131 | 125
Daejeon MAE | 072 | 105 | 139 | 137 | 125 | 119 22
Dry R 074 | 055 | 003 | 016 | 047 | 044
(SPI3 <-1) RMSE | 083 | 155 1.69 160 | 158 | 1.81
Daegu MAE | 082 | 150 | 165 | 153 | 154 | 177 18
R 059 | 033 | 047 | -0.16 | 046 | -0.06
RMSE | 099 | 160 | 255 | 215 | 196 | 1.70
Gwangju | MAE | 076 | 127 | 240 | 211 | 186 | 169 11
R 055 | 037 | 034 | 049 | 038 | 082
RMSE | 034 | 047 | 055 | 055 | 057 | 062
Seoul MAE | 027 | 036 | 044 | 047 | 047 | 050 91
R 073 | 037 | 006 | -009 | -0.04 | -0.05
RMSE | 048 | 049 | 055 | 053 | 049 | 055
Daejeon MAE | 038 | 042 | 045 | 043 | 041 | 045 78
Normal R 046 | 034 | 004 | 012 | 031 | 006
(-1 <SPI3<1) RMSE | 042 | 062 0.64 070 | 063 | 067
Daegu MAE | 034 | 050 | 054 | 060 | 054 | 056 83
R 079 | 034 | 010 | -019 | 017 | 0.10
RMSE | 054 | 076 | 094 | 084 | 079 | 066
Gwangju | MAE | 039 | 054 | 074 | 070 | 067 | 056 88
R 061 | 024 | -028 | -0.16 | 006 | 061
RMSE | 073 | 1.23 145 | 155 | 153 | 162
Seoul MAE | 065 | 111 136 | 145 | 143 | 151 16
R 043 | 015 | 011 | -021 | -016 | -0.25
RMSE | 125 | 139 | 140 | 143 | 140 | 155
Daejeon MAE | 122 | 136 | 137 | 140 | 137 | 152 20
Wet R 034 | 029 | 034 | 013 | 004 | 009
(SPI3 =1) RMSE | 068 | 1.04 1.44 149 | 131 | 133
Daegu MAE | 058 | 099 | 137 | 142 | 126 | 122 19
R 063 | 067 | 028 | 027 | 058 | -0.02
RMSE | 045 | 084 | 134 | 120 | 094 | 070
Gwangju | MAE | 040 | 077 | 124 | 111 | 087 | 063 21
R 043 | 016 | -030 | -029 | 005 | 024
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Table 6. Comparison of Forecasting Results between Flood and Drought Season

Flood Season Drought Season
Season (Jun, Jul, Aug, Sep) (Oct, Nov, Dec, Jan, Feb,
Mar, Apr, May)
Forecasting |\ Tead Time Lead Time
Measure (months) (months)
1 2 3 4 5 6 1 2 3 4 5 6
Season Season
. Entire 0.7510.86 | 0.91 | 0.91 | 0.86 | 0.86 Entire 0.7510.86 | 0.91 | 091 | 0.86 | 0.86
S Flood 0.71 | 093097 | 090 | 094 | 0.88 | Drought |0.77 | 0.81 [ 0.87 | 0.92 | 0.82 | 0.85
T - Entire 0.62 | 0.77 | 0.82 | 0.81 | 0.79 | 0.78 Entire 0.62 | 0.77 | 0.82 | 0.81 | 0.79 | 0.78
Flood 0.48 | 0.73 ] 0.78 | 0.75 | 0.68 | 0.66 | Drought | 0.34 | 0.53 [ 0.61 | 0.60 | 0.59 | 0.59
— Entire 0.52 | 0.63 | 0.67 | 0.69 | 0.71 | 0.74 Entire 052 | 0.63 |0.67|0.69|0.71 | 0.74
Flood 0.80 | 0.88 ] 0.88 ] 0.85|0.81 | 0.79 | Drought | 0.29 | 0.46 | 0.52 | 0.60 | 0.65 | 0.71
P13 Entire 0.58 | 0.66 | 0.68 | 0.67 | 0.65 | 0.72 Entire 0.58 | 0.66 | 0.68 | 0.67 | 0.65 | 0.72
Flood 0.530.74 | 0.74 | 0.70 | 0.73 | 0.72 | Drought | 0.60 | 0.63 | 0.65 | 0.66 | 0.61 | 0.73
MAE | sprs Entire 0.47 | 0.60 | 0.64 | 0.62 | 0.61 | 0.63 Entire 0.47 | 0.60 | 0.64 | 0.62 | 0.61 | 0.63
Flood 0.52 | 0.67 | 0.69 | 0.66 | 0.64 | 0.63 | Drought |0.44 | 0.57 [ 0.61 | 0.59 | 0.59 | 0.63
— Entire 0.351043]049| 052|055 059 Entire 0.35]0.43 049|052 | 055 | 0.59
Flood 0.61 | 0.68 | 0.70 | 0.66 | 0.63 | 0.65 | Drought | 0.06 | 0.06 | 0.07 | 0.07 | 0.09 | 0.10
SPI3 Entire 0.58 | 0.26 | 0.04 |-0.08| 0.10 | 0.15 Entire 0.58 | 0.26 | 0.04 |-0.08| 0.10 | 0.15
Flood 0.60 | 0.15] 0.04 | 0.08 | 0.01 | 0.19 | Drought |0.54 | 0.31 | 0.16 [-0.14| 0.19 | 0.05
. Entire 0.6210.32]0.21{0.15|0.16 | 0.22 Entire 0.6210.3210.21 | 0.15{0.16 | 0.22
R | 5P Flood 0.48 | 042 | 050 | 0.42 | 052 | 0.30 | Drought |0.68 | 0.41 [ 0.32 | 0.26 | 0.16 | 0.24
— Entire 0.77 | 0.65] 0.61 | 0.57 | 0.56 | 0.52 Entire 0.77 | 0.65 | 0.61 | 0.57 | 0.56 | 0.52
Flood 0.55 | 0.50 | 0.49 | 0.47 | 0.50 | 0.43 | Drought |0.93 | 0.83 [ 0.78 | 0.71 | 0.65 | 0.55
3k 213} RMSESF MAES] 490l SPI 3,6, 12 2% § 2 #3A9 njwele] 0wt o 2422 m2aith
F71ell tigh SPIE oS3k Aol v]ajr Z=r7]ol gk D A8 FHAEERS 4835k DMSNNWH
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