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Probabilistic Forecasting of Seasonal Inflow to Reservoir
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Abstract

Reliable long-term streamflow forecasting is invaluable for water resource planning and management which allocates water
supply according to the demand of water users. It is necessary to get probabilistic forecasts to establish risk-based reservoir
operation policies. Probabilistic forecasts may be useful for the users who assess and manage risks according to
decision-making responding forecasting results. Probabilistic forecasting of seasonal inflow to Andong dam is performed and
assessed using selected predictors from sea surface temperature and 500 hPa geopotential height data. Categorical probability
forecast by Piechota's method and logistic regression analysis, and probability forecast by conditional probability density
function are used to forecast seasonal inflow. Kernel density function is used in categorical probability forecast by Piechota's
method and probability forecast by conditional probability density function. The results of categorical probability forecasts are
assessed by Brier skill score. The assessment reveals that the categorical probability forecasts are better than the reference
forecasts. The results of forecasts using conditional probability density function are assessed by qualitative approach and
transformed categorical probability forecasts. The assessment of the forecasts which are transformed to categorical probability
forecasts shows that the results of the forecasts by conditional probability density function are much better than those of the
forecasts by Piechota's method and logistic regression analysis except for winter season data.
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Season Properties of Predictor Predictor 1 Predictor 2 Predictor 3
Classification of Predictor GPH GPH GPH
Spring Location 60° N—T0" N 70°N—-80"N 60° N—T70° N
30" E—40" F 30° W—40" W 160" W— 170" W
Lag (Season) 9 14 5
Classification of Predictor GPH SST SST
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Table 4. Cross validation skill score of categorical
probability forecast: using Piechota's method

Skill Score Spring Summer Autumn Winter
Brier ScoreoLc 0.617 0572 0.565 0.551
Brier Scoreciim 0.667  0.667 0.667 0.667
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Table 5. Fitted logistic regression equations
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Table 6. Cross validation skill score of categorical
probability forecasts: using logistic regression

Skill Score Spring Summer Autumn Winter
Brier Scorepogit 0.677 0.616 0.580 0.537
Brier Scoreciim 0.667 0.667 0.667 0.667
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Table 7. Cross validation skill score of categorical probability
forecasts: using conditional probability density

function
Skill Score Spring Summer Autumn Winter
Brier Scorecond 0.610 0.544 0.544 0.581
Brier Scoreciim 0.667 0.667 0.667 0.667
Brier Skill Score (%) 8.54 1844 1844 12.89
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Table 8. Comparison of Heidke skill score of categorical

forecasts
Method Spring Summer Autumn Winter
Piechota's Method 020 033 0.53 0.33
Logistic Regression ~ 0.20  0.37 0.37 0.37
Conditional Probability 030 033 0.47 030
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Table 9. Comparison of the results of categorical forecasts
Season Method p(OB ‘ f]_;) P(OA I f5) p(OA ‘ fA) plogl f4)
Piechota's Method 5/11(0.45) 2/11(0.18) 7/11(0.64) 2/11(0.18)
Spring Logistic Regression 14/32(0.44) 8/32(0.25) 4/6(0.67) 0/8(0.00)
Conditional PDF 8/17(0.47) 5/17(0.29) 8/14(0.57) 3/14(0.21)
Piechota's Method 7/12(0.58) 2/12(0.17) 8/13(0.62) 3/13(0.23)
Summer Logistic Regression 14/19(0.74) 2/19(0.11) 6/13(0.46) 1/13(0.08)
Conditional PDF 12/18(0.67) 3/18(0.17) 9/19(0.47) 2/190.11)
Piechota's Method 8/13(0.62) 2/13(0.15) 13/17(0.76) 2/17(0.12)
Autumn Logistic Regression 7/15(0.47) 1/15(0.07) 13/17(0.76) 2/17(0.12)
Conditional PDF 10/17(0.59) 1/17(0.06) 13/19(0.68) 3/19(0.16)
Piechota's Method 12/18(0.67) 1/18(0.06) 9/16(0.56) 1/16(0.06)
Winter Logistic Regression 11/17(0.65) 1/17(0.06) 9/13(0.69) 0/13(0.00)
Conditional PDF 10/17(0.59) 2/17(0.12) 10/16(0.63) 0/16(0.00)
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Table 10. Comparison of Brier score for calibration

Method Spring  Summer Autumn  Winter
Climatology 0.667 0.667 0.667 0.667
Piechota's
Method 0.526 0.501 0.480 0.458
Logistic 0.652 0555 0512 0458
Regression
Conditional
PDF 0.374 0.343 0.302 0.333

Table 11. Comparison of Brier score for cross validation

Method Spring  Summer Autumn  Winter
Piechota's
Method 0.617 0.572 0.565 0.551
Logistic 0.677 0616 0580  0.537
Regression
Conditional
PDF 0.610 0.544 0.544 0.581
OLC 0.600 0.544 0.544 0.581
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