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Improving Probability of Precipitation of Meso-scale NWP Using
Precipitable Water and Artificial Neural Network
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Fig. 1. Feedforward neural network(left) and Back—propagation algorithm
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Table 1. Input variables

Input Variables Variable type Source
Geopotential height 500 / 750/ 1000 hPa [m] Continuous RDAPS
Atmospheric thickness 500 hPa — 1000 hPa [m] Continuous RDAPS
X, Y=component of wind at 500 hPa [m/s] Continuous RDAPS
X, Y=component of wind at 750 hPa [m/s] Continuous RDAPS
Wind speed at surface [m/s] Continuous RDAPS
Temperature at 500/ 750 hPa/ surface [°K] Continuous RDAPS
Mean sea level pressure [hPa] Continuous RDAPS
3-hr accumulated precipitation [mm/(3hr)] Continuous RDAPS
Occurrence of observed Precipitation Categorical RDAPS
Precipitation accumulated in 6 & 12 hs previous to RDAPS run [mm/(6hr)] [mm/(12hr)]|  Continuous AWS
Precipitation occurrence in 6 & 12 hs previous to RDAPS run Categorical AWS
Relative humidity measured 0 & 12 hs before RDAPS run Continuous  |Upper—air sounding
Precipitable water measured 0 & 12 hs before RDAPS run [mm] Continuous  |Upper—air sounding
Precipitable water difference in 12 hs previous to RDAPS run [mm] Continuous  |Upper—air sounding
L, 1 1
e= 611exp(E(7273_15 - E)) (3)
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1[5
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Table 2. 2X2 contingency table

Observation
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3 @) (b) (ad— be)
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A ° (©) ) (a+e)b+d) e ¢
7.91 %, TYNE - ZTAY [ AN (83.30 %, 1)M& - NS AN
JRDAPS [ RDAPS
G, YR A PO
2.56 %, 1) 15.33%1) 6a2191) (165.46 %, 1)
A Y BYAY HefA|A BN Y
3.79 % T (7.39 % 1) (72.08 %. 1) (76.57 %. 1)
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(c) Probability of Detection (d) Threat Score
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Table. 3 Improvement in evaluation score(H, KSS, TS, POD)

Hit rate KSS TS POD
RDAPS ANN RDAPS ANN RDAPS ANN RDAPS ANN
M2-d7|xYy 0.72 0.77 0.28 0.52 0.30 0.55 0.31 0.71
ZAX Y 0.63 0.73 0.17 0.44 0.21 0.52 0.22 0.69
AR Y 0.63 0.67 0.19 0.34 0.22 0.47 0.24 0.64
HMaIx|y 0.73 0.76 0.22 0.38 0.24 0.45 0.26 0.62
SEHX Y 0.69 0.70 0.25 0.46 0.27 0.48 0.30 0.64
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