530 % 42 W /G = SO ) Vol. 30, No. 2
2019 4 3 A ADVANCES IN WATER SCIENCE Mar. ,2019

DOI: 10. 14042/j. cnki. 32. 1309. 2019. 02. 004

% R I K TR MO = e\ B stk S A IR TR 7 % L 2R

ERR, WAL, #RHF, NFE, XN, THEH

(LR BRI 5K TRBHEERE S5 E, Bide R 430072,
2 VTVG A KRR 48 5T0E, TVE B8 330029)

FEE ., O T 5 R I P R K TR 04 R i M R K B s e, SR AR R L 38 R B TN c A RO o
W] KA iR 0 89 TIGGE( THORPEX Interactive Grand Global Ensemble ) [ 7K i 35 50 8 3K 3 GR4J /K SCAL A | JF & =
e A E K AR S ME R TR, 43 HT LL 8 BMA . Copula-BMA . EMOS, M-BMA 4 #8511 )5 4k B 7 6 (0 A &k, 45 B %
B . 4 B it 5 AL BT IR B R AR AL — A G AT B Y TR A XI5 RGO R TOHRORY B AR T S 1k TR A T R
e IR KRR 22 W E N s M-BMA kMR TR AR ek, T RENS 5 IR TR A0 1 5 25 bk, R BT IEATE
e, ST, BRI,

KR BUERE KT ; KCEETR; SitFAAs; WAk, =WokE

FESES: TVI24 XERARERD: A XEHS: 1001-6791(2019)02-0186-12

YER AT HE AR SCTRA AT DA Bt . BT L O, K BRI A BRI HT LA K OK B A R02 4T 8 B AR SR IR 2
PHARIE o AL GE W K SCIUHRAR S 5200 R 5 077 B4R, PO L, AL T P 4R A8 — - 1 TR A, o
DA S BR TAR AT 222 B AUE R AR AR (9 R, BOE B K 940y 28 < 390 300 L R g kK T R
FESRAE T RTRED S SR, BU(E MK B A7 AR AN B0 M, FROKAE K SCRE RN i B A A, B R B E tE E
PERE W 7K SR AL A TS ) A AT R M 3R T 2 4 iy 221 i o K TR AN T e ke 73 K TR R i ) R
FBE, 2B AN SR RO ) K AR 0 (ECMWE) 8 51 A4~ B B3 [ K 1141 8 9K 3h 7k SO 2 15 31k K 42 &
Wi, Aok 5 A0 (R K R B 5 P, AR PSR HE AR TR 4 SR A M A R AN R, A
A GE it R AR T UAE . BRI ST S O R W ORE, KRR SRRV 1 Stk
(Ensemble Model Output Statistics, EMOS)“: , 95— 2508 DL 4y B S 4% 9 ( Bayesian Model Averaging,
BMA) '™ EF X SR 4 A TR A7 A6 O 22 9 1) 3T, Baran F1 Lerch'”' SR EMOS 35 i 8 (14 22 4 140 45 SR 047 4%
TR AL B, FF8 N T K A MR T, SRR TR E A T, £ EMOS Gt /5 A ¥ 45 2
R 7 M TOUARORS B T i, MR AR A R AT 5 Zhong %P LT DL ST AR RSP 10k ( BMA ) K A B (E [ K
R AT E M, SRR IR R G T o A TAE T, SR BMA J5 Ak B BE 98 $5 A5 B ] FE A A AR TR
BMA J7¥E G Z kAT IR e, MK SCE R 2 B Am S 04, BARF IR ] LUEAT 3 5 ab 38, (H 3 H
MR, HMERa 2 ERRE, T ik BMA FIEM AR, Sloughter % Xt BMA Jy ik 4T T
PE(M-BMA) |, BGE B H 5 5T Y S5 59085 B2 IR — ELAR 1 43 A, HL 43 A1 10 249 8 0 5 2 2 48 5 T4 1) R
B, JERE N T XU A R B, 45 R R W 5 i L R A R G TR 45 R B W] & . Madadgar Fll Moradkha-
nit " SR Copula oRECH T4 75 5 A1SE 0 A8 5 A1) 25 0 43 A, 3% T 1 7 25 ( Copula-BMA ) S 4 1A 450 84 25 #4 11
A ENE, 458K Copula-BMA AT BMA JriERCRIG BN o3 . BTk 0 T XGE | IR R 50 e B 1%

Wi BEH: 2018-09-11; MELHRBE: 2019-02-22

P28 tH ARtk . http: /kns. enki. net/kems/detail/32. 1309. P. 20190221. 1707. 006. html

HEeWH: HRARBFILEIITHE (51539009) ; FZKE AW &R % B H (2016 YFC0402206)

EFEB N B (1992—), %o, MR EAN, LA, FEMNFKIOKFEEDF . E-mail; hhba@ whu. edu. cn
BEMEE . A%, E-mail: slguo@ whu. edu. cn



552 B, S5 5 IR K TR i =i A4 Ut 7K 5 A A TR T v LR 187
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AN B B R RE AR AR O A, HIRAS IR
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Fig. 1 Sketch map of the TGR intervening basin
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1, GR4J BEALE — AR S S MK SCREARY R B P A JE MK R R B BL ™= I FC i %, O R 8L
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PEHL 2010—2013 4E3E 4 4ERHRAE AR AR @ 1, 2014—2015 43k 2 SR MBI TR 56 357, HE v
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98.25% Fl —1.87% , FWIH T FBIRIBIA Jy 28 B RAFOCR , AT AT = A PE It o il
2.3 FEMAEE TICGGE FEATIMA = RN E KR ERILR

W 7 TN AN 2 T T DL 30 ek 7k I 1) = e AP R K TR 45 SR HE AT HE 40 A L A0 A B KOGt K T i 4 R
M5, SEELE I E AR XS R T 0T, R 1A T HULE 1 ~3 d PR 7 2T /Y = 0 A U i 4R
SRR RBETEMN S AR, WAL B, HIEW MK, WA RCR R E UK RN R 2 E RS, R
2 SR UL B K TR AR RT LA e b K RO BE L BE A T I B, B R OK B E 8 bR A 1 52 T
iTE N

F1 EFEMAEEEABHERANZBRNERKBRERILE %
Table 1 Comparison of the TGR inflow forecasts with and without precipitation forecasting data
T T 2SS UNIR EIN] i
L 45 K CMA ECMWF NCEP
Eys Ey E E; Eyg E; Eyg Ey
1d 96.88 -6.16 98.41 -2.84 98.67 -3.08 98.61 -2.83
2d 92.17 -8.86 94.85 -5.31 94.87 -6.22 95.87 -5.42

3d 85.95 -11.02 89.39 -7.52 88.94 -8.60 90.73 -7.45
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c(hl pao) = mg-hexpE_20'2(lnh_M) B h >0
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e w oo R EES SN SE; ZaANETSEE m T2 v Sp o ZHAELT LR
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3.2 EEBEKE

5 R = W R T R sy il T R P I = e 9 -2 R P € S I v = v S b B A P T 713
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KRB PR HATINE . S TR G 5 I8 TG BER PR 09 o] S P A AR vh B2, 2 DPAG A 5 41 435 SR AR &%
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Fig. 2 S, values for different post-processing methods for various training period lengths
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FH ORI IR, 1w BMA M M-BMA 358 S, B e s/, (B 7R O KA 30 B H
P/ S fH, PRIEERE 30 FE MBI 1 d MM ed LB X THWW 2 d, 766 15 80 B, Copula-
BMA 1 EMOS kUi /ME, X T BMA fl M-BMA 7%, HBEE % Ok, 8BRS, HUmH TR, H
R g, I, BEECS0 MESN T UL 2 d Mt DR il SR, WAL 3 d ik R 80 1 K
e KB,
3.3 WMEMMBER
3.3.1 HEHMMER

IR E R B R S DK, 0 4 NGt e A B ME R TR 25 5L, AR AR AT 210 J5 5040 5 % 1 bR
BoaT ARG (3) THIAAS BIME S50 A0 i S B8 0E, DA AR S o Pk TR S5 SR AT R A, I E . E, . Ey, .
E o4 DRI AR A B S5 R 5 Ge i 5 A B30 309 B (0 F 4 45 R AT LR, IR A AR AR A5 R A T AR 2
o WNR2ATLLEN, R4 FGIT)E 038 7 50 E IR A2 G T A7 5 A B S A 230 300 B8 0 10042 205 2R 1 K o

R2 EAHENTRSESITELAEAEZHNHARETRIENERER

Table 2 Evaluation indexes for raw deterministic forecast and expected value of statistical post-processing methods

iR Ik Eys/ % En/% Eyy/(m* «s71) Eypn/%
CMA 98.41 -2.84 710.70 5.165

ECMWF 98. 67 -3.08 686.55 5.077

NCEP 98.61 -2.83 685.69 5.061

1d BMA 98.58 1.11 618.95 4.152
Copula-BMA 98.88 0.89 577.64 3.992

EMOS 98.99 0.05 539.70 3.796

M-BMA 98.91 0.62 566.90 3.920

CMA 94.85 -5.31 1107.23 7.987

ECMWF 94.87 -6.22 1 108.78 8.006

NCEP 95.87 -5.42 1 058.44 7.883

2d BMA 95.15 2.30 1.099.23 7.143
Copula-BMA 95.92 2.24 1 034.66 7.162

EMOS 96.58 -0.63 948. 11 6.728

M-BMA 96.38 1.00 981.54 6.838

CMA 89.39 -7.52 1 480.91 9.720

ECMWF 88.94 -8.60 1521.85 9.890

NCEP 90.73 -7.45 1443.12 9.653

34d BMA 89. 82 3.45 1 548.51 9.692
Copula-BMA 90. 81 3.00 1 476.27 9.691

EMOS 92.15 -1.02 1340.71 8.858

M-BMA 91.79 0.93 1 400. 81 9.301

T R BT BRI AR R A,

TR 25 MR T IR IR A B B TR 45 1 3 /N, MRS E . Ey M1 E F845 K F, BMA fil Copula-BMA 7% [ 45
WSHEE RS R EAMNS, A BEZES, H EMOS Hl M-BMA W4t 5 A BE 7 e 7E TR LI 1 ~3 d Y
PR T bR 45 R T B i P — R B L RS R . LR Bk F, 4 Fhgeit)a ab 3 75 5 ¥ e % W] G b e IR K &
2, Hi EMOS A9 B W4 RAET W 1 ~3 d FIAHEG, M-BMA Bk, K3 246 172012 459
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Fig. 3 Comparison of deterministic forecast and expected value of four statistical post-processing methods

3.3.2 MEEFRL RFEN

R T VR MR R B T AR, 2 ORS [R U R OR RGeS AR E D ik PIT EAniE 4 Fis, Ehid 4
TR W2 DA, WK 4 T LUESL, AN TS [l 48 i 5 AL B0 PIT KBS E2 L F A0 Bk, HARiEYy
S150 A, BARRIELE, KW 4 DGt a5 AR AR S B A M AR e AR RN B e M, A5 B A R
R A5 R G HATFE , R UHE 2 D EAET PIT BRGS0 EOUL . & i o dP M il S, I 4 W LUK B, BMA
B0 D ABAEAS TR T 08391 1 Ry S5 /0, PIT PR BT B2 35 F A 3 5 40 A, 3% B D ME 38 014 &5 R o 8, L kO2
M-BMA#:, H D fH# EMOS F1 Copula-BMA /), KBIH I EMOS Hl Copula-BMA 2 (25 R B A ¢

M 4 BrT LLEEE], XFF BMA . Copula-BMA LA K M-BMA 3 D4Geit G 4b ¥ 535, D A BEZE 1 0L 30) A4 48
INAEA W/, 2 WIHE SR U 04 T S VEZE AR N, 3X 5 Zhao %51 AW 8 45 R — 30, SR X T EMOS 343k
Ui, D (EHBEE WL SE AR R BB, X FE W EMOS ¥k M 25 1R 45 0L A0 T SE vk AR AR, R RE 2 1L
W RGN, G G A B R A S BR E E L X PIT IS R ST A B, EMOS ki DA b 25 1LY A SE K AE
AW, R E T T PIT BRI R e, RS WL R, BEXS B B, b R R fE T
fib 3 B GE T 5 A B 7 1 00 A 0T % A A B S D B SR AR A A AT INECE 88 BRI S I Y AR A
AT S BE A T 0 K 2 R 2R RGO, (PR G A S /N 25 T EMOS I (AR A S 4L
e EH AR S BUREE AR 2], B UL AR, I E Ay 2R 22 K, 0 R M R R o) A AR
WL AE A B0 25, S BCEWLELAL 1 P AE R Z T AE 3 A 8, DN 3 ol o8 ¥ 8 B B g 7 /K 26 8 B2 i
e, LB, B EEAR SRR, AN AT TORA BOR B 2 KA, HE T
WiREn, WUHORS BRI, HERR AR T R 0N B b AR R L Bk, Hofh 3 Fh AL s AN H Oy ik Y 4
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Fig. 4 PIT histograms of different statistical post-processing methods for different lead-times
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Table 3 Results of probabilistic evaluation indexes for different statistical post-processing methods

51 U3 ik Sepp/(m® = s71) Eyy/(m® 571 % i / % By R/ % Pye
BMA 489 686 28.7 0.18 84.8 4.79
Copula-BMA 444 — 35.3 0.15 80.6 5.51
H EMOS 412 — 39.9 0.14 81.5 5.76
M-BMA 418 — 39.0 0.13 82.7 6.44
BMA 866 1 058 18.1 0.33 88.0 2.68
Copula-BMA 777 — 26.6 0.29 84.1 2.88

2d
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BMA 1178 1 443 18.4 0.42 86.8 2.07
Copula-BMA 1 095 — 24.1 0.39 83.8 2.16
3 EMOS 1 026 — 28.9 0.38 83.6 2.20
M-BMA 1007 — 30.2 0.36 85.1 2.37
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Comparative study on probabilistic ensemble flood forecasting considering
precipitation forecasts for the Three Gorges Reservoir -

BA Huanhuan', GUO Shenglian1 , ZHONG Yixuan', LIU erlangjun2 , WU Xushu', HE Shaokun'

(1. State Key Laboratory of Water Resources and Hydropower Engineering Science, Wuhan University, Wuhan 430072, China;
2. Jiangxi Provincial Institute of Water Sciences, Nanchang 330029, China)

Abstract; To investigate how uncertainty in precipitation forecasts impacts flood forecasting, the THORPEX Interac-
tive Grand Global Ensemble (TIGGE) data extracted from the China Meteorological Administration (CMA) , the Na-
tional Center for Environmental Prediction (NCEP) and the European Center for Medium-range Weather Forecast
(ECMWF) were used to establish the GR4J hydrological model such that probabilistic ensemble flood forecasting is
explored for the Three Gorges Reservoir. The effectiveness of four statistical post-processing methods, including
Bayesian Model Averaging ( BMA ), Copula-BMA, Ensemble Model Output Statistics ( EMOS) and the Modified
Bayesian Model Averaging (M-BMA) methods, were compared and analyzed. The results showed that each of the
four methods could provide a reasonable and reliable confidence interval on prediction. Besides, compared with the
raw deterministic forecasts, the forecast accuracy of expected values associated with the four methods was improved,
where the forecast error in water volume was significantly reduced. Furthermore, the M-BMA method performed the
best because it considered the heteroscedasticity of the predictive distribution, without conducting a normal transfor-

mation, which could be much simpler and more flexible in practice.

Key words: numerical precipitation forecast; hydrological ensemble prediction; post-processing; probabilistic fore-

cast; Three Gorges Reservoir
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