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Table 1  Original factors list
x; 850 hPa (un +v17) = (uyg +25) 0.058 8 0.40
X3 700 hPa  (uyg +uy7 +Uy +upy) /4 0.034 7 0.47
%3 850 hPa (15 +116) /2 0.034 1 0.61
x5; 500 hPa (016 +0y7 +0p) /3 0.0329 0.33
xp 850 hPa vy X (T16 —119) 0.026 1 0.20
X33 Apis — Apys 0.023 6 0.20
%33 850 hPa (Atyg + A5 + Atyg) /3 0.0219 -0.31
x4 700 hPa (g +0y7) = (g +055) 0.019 1 0.31
xg 200 hPa (up +v17) = (g +05) 0.0186 -0.30
x17 850 hPa Avyg X (Atyg = Atyg) 0.0184  0.14
x5 850 hPa 16 X (115 = 15) 0.0157 -0.21
%13 700 hPa Vg X ( 215 _210) 0.0151 0.25
Y40 (p1s +pi6) /2 0.0139 -0.21
Xy 700 hPa Avig X (15 = 15) 0.012 1 0.10
X5 (Apy —Apy) x(#5s—-17;7) 0.0111 — 0.11
Xeq (Apis =Ap;) x (79 —7») 0.0091 — 0.18
X5 700 hPa vy X (716 =) 0.008 3 0.19
Xy 700 hPa  (uy +uy7 +Uy +uy) /4 0.008 3 0.13
%3 850 hPa 16 X (716 = T2) 0.005 1 0.11
3.2
19 PCA
¥y 0.0 13
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Table 2 TS grades of forecast models on

training set and validation set

TS

ANN-CE
ANN-MSE
ANN-CE
ANN-MSE

51+33=84 4+4=8 47+66=113 0.41
50+35=85 5+2=7 68+48=116 0.41
50+28=78 9+5=14 84 +58 =142 0.33

54 +26=80 5+7=12 75+54=129 0.36

3 2009
Table 3 TS grades of forecast models on 2009 samples

TS

ANN-CE 11
ANN-MSE 9
ANN-CE 7
ANN-MSE 6

13 0.39
0.32
7 0.32
7 0.27

o o AN
—_
w

4 2010
Table 4 TS grades of forecast models on 2010 samples

TS
ANN-CE 27 4 16 0.57
ANN-MSE 29 2 21 0.55
ANN-CE 28 3 28 0.47
ANN-MSE 27 4 27 0.47
1) TS
PCA
2)  ANN-<CE ANN-MSE
2010
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TS 0.51
0.17 ( 0.34
0.57) ;
5) 0.49
1. 0.
(0.19)
4
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2) PCA TS
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Application of BP neural network using cross-entropy to 96 hours
forecast of heavy precipitation event in northern Fujian province

WU Mugui' JIANG Caiying® ZHANG Xinhua® LAI Rongqin'
1 Jianyang Meteorological Radar Station of Fujian Province Jianyang 354200
2 Nanping Meteorological Office of Fujian Province Nanping 353000

Abstract As a neural network based on MSSE ANN-MSE is not an appropriate solution to the problem of predic—
ting rare weather event. In this paper an improved neural network method ANN-CE is presented which is a three
layered back—propagation neural network with one output unit. The error function of ANN-CE is a cross entropy
function. Then utilizing ECMWF forecast fields data this method was applied to 96 hours forecast of heavy precipita—
tion event in northern Fijian province. The ANN-CE model and the ANN-MSE model based on original factor and
principle component after PCA reducing dimensions were respectively built. These models were applied to independ-
ent samples in 2009—2010 and the test results are as following: TS grade for model based on principal component
is higher than that of model based on original factors; miss—rate for the ANN-CE model is lower than that of the
ANN-MSE model. All in all ANN-CE model based on principal component has best performance and stability
whose TS grade and miss—rate was respectively 0. 51 and 0. 17 so it was suited for forecasting rare event.

Key words BP neural network; cross entropy; categorical forecast; rare event



