W42 % 9 &9 % Vol. 42 No. 9
20164 9 H METEOROLOGICAL MONTHLY September 2016

A, R AL UL A5 2016, ECMWE B2 45 T4 A0 2 24 50 45 X 9 ] 37 Jok 22 F THAT 300 %08 L A0 A, 45 42(9) - 1146-1153.

ECMWF £ & T He F0 5 7E T4 T HR X E
ARIBREMMABITLE o

F A A%k R A OEEW

BRAZFQ, bE 100081

BOE . ARSI 2012 48 5—9 AR RS HiRH 0 (ECMWE) 94 4 Wi 3k & 45 (Ensemble Prediction System, EPS) I
il 7€ P4 28 (High-resolution Deterministic forecast, HDet) %} X} Eb 43 M7 T UE 177 0 380 B FR A0 TR R . X FE ST, F &
ST T 2T EPS 19 H B K 88 o K S 3R 45 58 (Extreme Forecast Index, EFD , F g i2F ) D1 i #7485 1 57 14 (Modified Bayesian
Model Averaging, MBMA) 3% K 1T IE G HEZR . 1 T ROC(Relative Operating Characteristic) £ 56 & 5 5 20 i) & 4t 14 1
ZETRN BT LA ] ROC K330 % b T AN [R) 28 8 19 TS %43 LLECOR ] 5 ik AR O 230 (B . 0 EE RS 36 19 45 2R B 2% i
TR MBMA TR BOR It H O HDet, EFT B BRSO IR 2% Kot 2 d WY T4 HDet #2358 MBMA, i 45 T 4R B 2501749 4
£, MBMA A% T HDet #l EFT (9 (RS AR Wi 3 . 7EAS [ B AE T 8 8 = B 7 3 %0 96 T 3¢ 4o 2% TR 0040 199 190 4 . 495 2R B MIB-
MA [E#EAL T HDet, EFT S8R 5 25 . B MBMA f 0I5 3402 38 2o 38 00 751 412 A 22 45 21, 4 SRk 390 42 O 22 B Sy = W Bl iy 1.
37, B MBMA YRR T HDet R HIE .

KA . 44 Wil £4 (Ensemble Prediction System, EPS), i 7 1 i 41 485 %1 3 45 ( Modified Bayesian Model Averaging,
MBMA) , % i 7 4% 5 %8 (Extreme Forecast Index, EFD), Z

B 4525 P56 X FRERD: A doi: 10.7519/j. issn. 1000-0526. 2016. 09. 012

Comparison Between ECMWEF Ensemble and Deterministic Forecast
for Heavy Rainfall in the Huaihe River Basin of China

DONG Quan JIN Ronghua DAI Kan KANG Zhiming

National Meteorological Centre, Beijing 100081

Abstract; The European Centre for Medium-Range Weather Forecasts (ECMWF) high-resolution deter-
ministic forecasts (HDet) and probability forecasts from the ensemble prediction system (EPS) are evalua-
ted and compared for the heavy rainfall from May to September 2012 in Huaihe River Basin, China. For
the EPS, the daily precipitation extreme forecast index (EFI) and the calibrated probability calculated by
the modified Bayesian model averaging (MBMA) are used. Relative operating characteristic (ROC) verifi-
cation which is independent of forecast bias is used. The TS vs. false alarm rate (FAR) and the relative
economic value are measured. The results indicate that the MBMA has the best performance, followed by
the HDet and then the EFI. For the forecast within lead times of 2 days, the HDet is close to MBMA. As
the lead times prolong, the advantage of MBMA relative to HDet keeps increasing. Under different crite-
ria, the heavy precipitation forecast thresholds for the three methods are estimated. It is shown that the
MBMA is the best and the EFI is the worst. However, the advantage of MBMA is accompanied by higher

forecast bias. If the forecast bias is set to be 1. 37, which is equal to the subjective forecast of National
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Meteorological Centre (NMC) forecasters, the MBMA is almost similar to HDet.

Key words: ensemble prediction system (EPS), modified Bayesian model averaging (MBMA), extreme

forecast index (EFID), heavy rainfall
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Fig. 1 Distribution of the 186 weather stations ( * )
and the probability (unit; %) of heavy rainfall from May to

September in the Huaihe River Basin of China
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Fig. 2 The relative operating characteristics (ROC) curves (a) and the area under
the curves (b) for EFI, MBMA and HDet at different lead times



1150 A

42 %

EFT 1) TS ¥ 43 e/ Hogh S A ROC £ 4w 45 2R —
.

TEFU R 55 U HAE PSR i B v, TS P53 FF A
JEME— B SR B bR . PR R AR 2 B 2 5 A
fH. B4 AR 0% TR 7 3k A ] B 306k 2012
A 59 J1 YT U R T T . AR R 25 iR RAE 2
B ARy I N S AT RO R S AN h
2 0.001, A ULAHXF 28 55 (5 K F 0. 001 By X 45
MBMA K F HDet,EFI f /). 54 ROC fil TS
PR T 25 R — . XA R AR Bk L S B
A IE WA 22 55 o (8 B . MBMA fi K28 i % i K
HDet K Z  EFT 885/ . X F5E 2 19 Fl4R 7 15
FEE B B R X R F AR SR T Bk L A7 7
—MNRRIERIAR M r e X TFHE— TR T 7

0.15

£0.10

0.05

0.0 0.2 0.4 0.6 0.8 1.0
iR
Bl 3 [ 2a.fH Rz % vs TS ¥4
Fig. 3 Same as Fig. 2a.

but for false alarm rate vs TS
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Fig.4 The REVs for different false alarm rate f and cost-loss ratios r
of the Huaihe River Basin heavy rainfall forecasts from May to September in 2012 by different methods
(a, d, g: EFI; b, e, h: MBMA; c, {, i:HDet) and lead times (a, b, ¢:48 h; d, e, {:120 h; g, h, i:216 h)

(The dashed lines denote an r equal to the climatic probability o)
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Fig. 5 The threshold, TS, bias and FAR
(false alarm rate) f (shown in the figures) of the
three methods (black: EFI; red;: MBMA; green: HDet)
at different lead times under the criteria of
maximization of sum of hit and correct rejections
(“+” and “X” indicate the TS and bias of
the NMC forecaster respectively. The thresholds
of HDet are divided by 50, and the bias was divided by 10)
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Fig. 6 Same as Fig. 5, but for threshold,

TS and bias under the criteria of TS maximization
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Fig.7 Same as Fig. 5, but for the mean bias
1. 37 of the NMC subjective forecasts of
36 h, 60 h and 84 h head times
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