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Abstract

In this study, the prediction technology of Hydrological Quantitative Precipitation Forecast (HQPF) was improved by optimizing the
weather predictors used as input data for machine learning. Results comparison was conducted using bias and Root Mean Square Error
(RMSE), which are predictive accuracy verification indicators, based on the heavy rain case on August 21, 2021. By comparing the
rainfall simulated using the improved HQPF and the observed accumulated rainfall, it was revealed that all HQPF's (conventional HQPF
and improved HQPF 1 and HQPF 2) showed a decrease in rainfall as the lead time increased for the entire grid region. Hence, the
difference from the observed rainfall increased. In the accumulated rainfall evaluation due to the reduction of input factors, compared to
the existing HQPF, improved HQPF 1 and 2 predicted a larger accumulated rainfall. Furthermore, HQPF 2 used the lowest number of
input factors and simulated more accumulated rainfall than that projected by conventional HQPF and HQPF 1. By improving the
performance of conventional machine learning despite using lesser variables, the preprocessing period and model execution time can be
reduced, thereby contributing to model optimization. As an additional advanced method of HQPF 1 and 2 mentioned above, a simulated
analysis of the Local ENsemble prediction System (LENS) ensemble member and low pressure, one of the observed meteorological
factors, was analyzed. Based on the results of this study, if we select for the positively performing ensemble members based on the heavy
rain characteristics of Korea or apply additional weights differently for each ensemble member, the prediction accuracy is expected to
increase.
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Fig. 1. ASOS observation points (95 station).
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Table 1. Predictor variables used machine learning

o g - M| g5 - o] gu] - A

&

Selected variables

Variables Source Improved Improved
HQPF HQPF 1 HQPF 2

Atmospheric thickness 500 hPa ~ 1000 hPa [m] LENS O
Wind speed at 200/500/850 hPa [%] LENS O
Vertical wind shear 200 hPa ~ 850 hPa [%] LENS O
Dew point temperature at 700 hPa [C] LENS @)
K-Index (Instability Index) LENS O
Sea level pressure [hPa] LENS O
Vertical velocity at 700 hPa [hPa/hour] LENS O
Relative humidity at 850 hPa [%] LENS O O
Temperature at surface [C] LENS O @)
Precipitable water [mm] LENS O O
Wind speed at surface [%] LENS O O O
Precipitation [mn] LENS O O @)
Precipitation [mn] ASOS, AWS O O @)
Precipitation [mm] RAR O O O
Precipitation [mn] Digital forecast O O O
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2.2.2. XGBoost (eXtreme Gradient Boosting)
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Table 2. XGBoost regression that model hyperparameters from the grid search

Parameter Range Optimum Value
Max_depth 2~10 5
Eta 0.1~1 0.5
Nrounds 10~ 100 50
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Fig. 3. HQPF calculation process.
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Table 3. Classification of the pressure patterns causing precipitation over Korean peninsula

Patterns (Symbol) Description
Low pattern (Lo) Extra tropical low pressure system passing through the Korean Peninsula
Front pattern (Fr) Front extended from the low pressure system over northern Manchuria or Aleusian
Col pattern (Co) Col between two high pressure systems or weak trough from the north or the south
Changma Pattern (Ch) Stationary Changma front in summer monsoon
Typhoon direct effect (Ty) Direct effect of typhoon
Typhoon indirect effect (T1) Indirect effect of typhoon or direct effect of tropical depression
Typhoon transformed effect (Tt) Extra tropical cyclones transformed from tropical cyclone after landfall
Convergence of tropical air (Ct) The strong tropical air convergence. Generally it transport high moist air to Korean peninsula.
Local instability (Li) Local instability due to strong surface heating. Generally precipitation is shower types
Orography (Or) Orographic forcing

mm/3 hr mm/3 hr

380
350
| 34.0
L a0
1250 1 01 1 131.0 125.0__ 1 1270 1 1 131.0 1250 1 0 1 1; 31.0
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010615 4 7 10 16 25 40 7O 100 010615 4 7 10 16 25 40 70 100 010615 4 7 10 16 25 40 T0 100
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340 " 34.0
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125.0 “1 127.0 1 1 1.0 125.0 1 fL N | 1 31.0
A g I
010615 4 7 10 16 25 40 70 100 010615 & 7 10 16 25 40 TO 100

Fig. 4. The horizontal distribution of 3 hr accumulated rainfall at (a) 0600, (b) 0900, (c) 1200, (d) 1500, (e) 1800 LST in
August 21, 2021 (Observation).
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Fig. 5. All region accumulated precipitation.
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Fig. 6. The horizontal distribution of 3 hr accumulated rainfall bias for improved HQPF 2 and observation (a) lead time 4
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Table 4. RMSE for observed rainfall and adjusted rainfall

20210821 - RMSE

Lead time  Leadtime  Leadtime Leadtime  Leadtime Leadtime Leadtime  Leadtime

4 hr 7 hr 10 hr 13 hr 16 hr 19 hr 22 hr 25 hr
HQPF 19.321 19.619 20.368 20.690 20.796 21.176 21.526 21.781
Improved
HOPF 1 18.966 19.343 20.049 20.359 20.398 20.836 21.382 21.671
Improved
HOPF 2 18.850 19.220 19.921 20.222 20.268 20.735 21.349 21.659
24
SEHQPF  @improved HQPF1  WImproved HQPF2
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Fig. 7. All region over 10mn precipitation of RMSE.

Fig. 8. The horizontal distribution of sea level pressure at (a) 0600, (b) 0900, (c) 1200, (d) 1500, (e) 1800 LST in August 21,
2021 (Observation).



Fig. 9. The horizontal distribution of cloud at (a) 0600, (b) 0900, (c) 1200, (d) 1500, (e) 1800 LST in August 21, 2021
(Observation).
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Fig. 10. The horizontal distribution of observation and ensemble sea level pressure at 0600 LST in August 21, 2021.
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