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Abstract

The Singular Spectrum Analysis (SSA) was applied to preprocess the original flow series, and Artificial
Neural Network (ANN) and Support Vector Machine (SVM) were used to simulate and predict the recon-
structed data series. The multivariate joint distribution based on copula function and probability fore-
cast model were proposed. With a case study of Danjiangkou reservoir monthly inflow series, the proba-
bility forecast results were compared with that of deterministic model. It is shown that the probability
forecast model not only can improve the accuracy of middle value prediction to a certain extent but also
give probability interval, which helps reservoir managers to consider uncertainty quantitatively and
provides technical support for decision-making.
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1. 518

HK AR IR TR AT A 7K SO i BB A 2, bR S, MR RUK IR R Gk B A 5 EE R
Mo ITHesESR, BEERFFERACEIANIE S, EWAN THEME(ANN), ZFEFRENL(SVM), BEHLI(GP)
ERREEIER S H B KRR R[] [2]. RXER HEET GM-SVM # & 1 H Fm e, 2o
X A5 A A J 0 PR TR 2 B b B A ) T 1 RE[3],  EE RS Ks SSA-LSSVM 255 /K A i /K B, R BN
HAE AT, AR IHOR A Bl (4], AR, HRIRR T AR KIS A, ZEE 2 AT R R
M, AR AR A % MRS, SR R A A IR . MRS TR 7T, XS5 S 42 ) DU At 2
BOKTRIRAERY, B3 TR 45 SRS 0T 84T ) HUP B8R BP-BFS B, (HZAE AR i I i i R AR — B S R B}
T FE[5]; ZRMEERET AT ARATAE M A AR A AR AL B AT B 7E, AU, I, AEMUH 2 AT
REGT[6]. ASCARYE SSA-ANN FiI SSA-SVM ffi & MRS A (1 TR (8, J#id copula pRAHE . 2 AR BICG 010,
o5 tH ST B R AR PR RE SR 20 A, AL AT SE IORE S AR IX 1], AR R AT E TR R, desst— 2 EER
R ARG, AT R T KR A R BRI R

2. ARA*
2.1. FRIEST

#F 5 1L 43 #r(Singular Spectrum Analysis, SSA)J& —Fh) SCIZEE . B ARYE BT LI 21 (17 B 8] 7 F1 44 35 HS a4
B, JEXT PR FE AT A i A, AT SR AR R 18] 7 5 AN R e 2 M5 5, ks S AGES .
W RS54, AT B 8] 3 9 A G5 R AT 2 BT, JF mTE— 2B T 7]
2.1.1. BIHE=E

BE— AN AEZIIN T A, R RG4S T AR EE i, FR IR HE S ST AE A R, R — R ]
75\ Ak 22 A TR] 7 31

Xl X2 Xi+1 XN—L+1
X X, X X

X = 2 3 i+2 N-L+2 (l)
X0 Xeg o X XN

A XA PR, LA<L<N)FRNE DK,

212 FRETH
THE XXT IR H L ANRHAEE SR AR SRR ) & o 8 A E RS, 3R p(1< p < L) A EA SkeE
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I F R AT R o AZ B PP A2 4 SSA JE LM A P51, & 5P S Ry s JRa e o) 5
£ 7 (1 ZE (A B g S 8]

22. NI #HEmMgiEal

N g 4% (Artificial Neural Network, ANN)J 7Ziz H TRb2:, TREEZAU8[09]. A THEME/E N H
W2 ARt H R H IR R MM Ao NG BB RS, RIMHEIFATYE, ARLIEBITGRET), SBEMAMEYE, |
HOJREE NSRS B, —MMEME UEEZERE, MR, REEMMBE, ES5EzEd
B ER. i, SANZEREIRRNG, BEEEABIEGIEE, Ml E4 BEdRL 54 5.

ZEAT R M T A5, SRR R 2 SRRl R, (X MR ST 2 B 2. DL BP W
&R, WA LLEAER Sy S DR AT M52 2, BN UIZRREAS, 3 Ik ) 2 1) DX 24 &6 K R g s — Rk
RAFBNBEM A, KK FTH ST E S egs B B REHEIE, R i 20 2 [ AU A
PRZETCBRMERMTE N, MR AT SR Z R BT, WP, 5 s 8y 5% 5] & ik
FbrdE. PR B EL GeiR R AL R E T, o A B s RB B 2k /K S B R R i A2

2.3. XHFEEHER
CFF A EAL(Support Vector Machines, SVM) 2 Jik T~ 45 #4) JXU: s /N SR I, 2 5 P8 7 2 Il LG A R SR — ik
R i), 4534 R i U, B M ok R AR /ME Y e (R E E — e AR ROk 1 “4ERR Y AN “ad )
SRR, DRIV % U RLAI(L0]. 25— IR {(x,d,)) ) O fE MM R, d RITEED), SVM
M FE AT T 34
= () =4 ()b @
A w JyE P OAUA ) &, b i B
MRS SRR A LB S, LA 2 [m] 5 B A A o A 1) RR A, 1 29 AR 0] R T A BA T 2SR i
J7 F2i# 2 Mercer Z5H[11], #o| A% R K(x, xj):¢(x)-¢(xi) o IZ BB M) S AERHE A I A AR, S8
MACHEZS [A]AN ] 73 B S 4E 2 1R AT 23 (R D RE . JLRRH FH A% IR A E R &z i 8. 2 L R4, Gauss 1% 7] 54 4%
BR%L. Fourier 235 . SRHLL o NZE Gauss 211 2 R HU(RBF), HFRIATEAN:
K(x,xj)=exp(—||x—xj||2/202) (3)

2.4. EF Copula BRERIE R ETRIEE

2.4.1. Copula ¥
Sklar $2 H AT LLEE—> m 4EBCG 20 A1 BR B i m AN 2 o3 A s EOR— A~ Copula %%, Nelsen T~ 1999 4
4T copula BRE ™A% E S, BURIEBEHLAZ & X, X,, -, X, 1 m GBS 20 AT BRALH (X, %, Xy ) 231 AL
B EMILGAT Fy (%), Fy, (Xy ) HER MR %, BIFE7E—/> m-Copula %k C, {H#3X{ER x e R™ [12]:
(

H Xl’XZ""'Xm):Cﬁ(Fl(Xl)’FZ(XZ)""'Fm(Xm)) 4)

A 074 Copula BEIAH R IESHL .
NPFMBRAIRCR, I HZR AN RAR TR IR Z RMSE, 3E UM

RMSE:[%iU%—Rf (5)

X P AR N IR S HAR AR n NBURE RS . RMS GV, R IIZ 56 4505 5 B AR 2 [A] 41
B .

W
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2.4.2. FHEER
4S8, S, B ANN AT SVM i sE MEFR &, H RoRfFmiaRisehriii; s« s, h BN S, S,

H . 4 S, (k=12) Miag ik, = F (), MRABREERECN f (S, ). 4% Copula i3
B S, S, A 37 C (uy,uy) s c(uy,u, ) AFERIBERE R H . SIS, NG AT 5
F(h,sl,sz)zc(FH (h),Fs (s1),Fs, (sz)):C(ul,uz,ug) (6)
CEEME T TREE R S, =5, S, =5, )5, H WA ] R -
F(hls,s,)=P(H <h|S,=5,,S,=5,)=P(Us <u|U, =u,,U, =u,)
_0°C(uy,u,,u,)/0u;0u, ()

c(uy,uy)

X h SR A R A

1 '83C(u1,u2,u3) duy
c(u,u,)  oudu,ou;  dh

f (hs,s,) =dF (h[s,,s,)/dh =
. ®)
bt 4
c(uy,u,)
0°C (uy,u,, Uy) i T 55t T 2 R PR . ,
Horp, c(ul,uz,ug):m, fy (h) 73 9 =4k Copula, S & MR E L R X208 BAT AL
1~¥2YH3

TE AR E, 15930 o (8 B E P TR S R T3 X 8] o
2.5. =B REIRHR

PP (R TION B 7, SR OKSOIE R IURAE ) HEE VYA FabR: BD 1) g2 R E(NS), 2) 7K
2T RE(WB), 3) FIEm AT AIAEXT R 2 (Remax), 4) MHXMERE®.
3. EHIFRR

FHL FUKEEAL T#A6E PHE O, BULE R SORPHLIC A H R 800 m &b, 4P NFE/KEH 394.8 14
m®. FFRSHT K E R FR KR, AU E rE AL 2 al /K B 00 B KR, e FHT DK
Bk, K. REBSFERAEE T REESE, [FR KRR IR R, BRI E R 2
GroE RIS B], 7K BE S AT REAR S IR KA BE A 22 3 ad o HR IR BUONBHK TR, S BCIHORS 2A E fn
TR 25 R A E PR, BRI T PRI 7K 2 v RS AR U P PR AJE 068 PR 7K P 5 TR RE 1R 78 70 SE LA
R . AR 1954~2013 4T /K ER A ZREdE, FF R TR 7T .

3.1. BuETAbE

3.1.1. SSA S ¥ RIEE

EHEAT ANN F1 SVM B8 PEFR 2 10, 2extFHT 0 1954~2013 4Ef0 H A2 5 HE T SSA [Fngabs, &y
1.1 AR mr &, SSA R EME N N EESH: W IKE L MISTiksr po BATHFFCH, & KRR R A R
PRFRIN, AR RS T35 07 R 2 i N N 0 T DK BB V. T AR A S BT AR s, L (ERCRA
It 12, [FIRF, @ OREELAURT 1, WE PR L BUETE ] 9[2,12) 2 (Al 4 8 . @i o155 ANN BLEYRT SVM
RRRILE T DI RE L X2, 1210, FEASSS I P A TRONME 5 S B I35 7 iR 22, 25 R H# R 1E L = 11 B3 U5 iR %
LB/ RIS A S5 i e B AT TRAL BRI, ANN REELAT SVM B () S 10 7 11K RE S5 B 1.

WEE KE LG, BTN L AT 5. il B AR B0E(CCR B E R F A s ar. # 1
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Table 1. Cross-correlation function values between subseries and original series for different L
%= 1 AELEFFRINSEFINEHREXRRS TR

] R B 5 )
1 2 3 4 5 6 7 8 9 10 11 12
2 -0.17 0.71 — — — — — — — — — — 1
3 —-0.30 0.26 0.73 — — — — — — — — — 2
4 -0.31 —-0.10 0.47 0.72 —_ —_ —_ —_ —_ —_ —_ — 2
5 -0.31 -0.21 0.06 0.59 0.71 — — — — — — — 3
6 -0.24 -0.31 —-0.07 0.19 0.63 0.70 —_ — — —_ — — 3
7 —0.26 -0.22 -0.25 0.04 0.28 0.70 0.71 — — — — — 4
8 -0.17 —0.26 -0.27 —-0.07 0.12 0.36 0.71 0.64 — — — — 4
9 -0.18 -0.21 —-0.26 -0.22 0.04 0.17 0.44 0.72 0.64 — — — 5
10 -0.20 -0.15 —0.26 —-0.26 —0.05 0.10 0.20 0.44 0.71 0.64 — — 5
11 -0.15 —-0.20 -0.25 —0.26 -0.11 0.01 0.15 0.22 041 0.66 0.64 — 6
12 -0.15 -0.16 -0.21 —0.26 —0.26 —-0.03 0.05 0.18 0.25 0.38 0.62 0.65 6

AENEOKET TS EGEF TR RS T WRPATR, T8 5P K REONE, )
NIRRT s R, HARREONM, BN PA; fRIESRHE,  BIRIA5 20 5A 5 LK BET B skl o (11> %
AL By BIAIGE 7S, DTRR B > B AL B P 4 RC

3.1.2. FIREFHIERN

73 I ANN AT SVM A5 RSN ST UK 2 A A At . £ FH Bt SRS AR Tl 2 AT, B A TG O
R NH T IOV EE . fETE ANN BN SVM BB Rl R, ST AR GE TR FR(E AHSC R % ACF Al AH
KEZK PACF), HUEBANRINI (1~24) FIAR30 7 21 AR O s 8E IO BIOK A R AR BB I I 28 14 1
T AFEI LT, WA L= 11 W E AR A B AR R BN AR S BB . BT RT T,
LIy, FRIR AR R BB RO, i oy 12 1, AR RBUERZ . AT, X TR RERIETIIE I 5, 7
WA T8 Z, BRPTRERM P IE SRR L, [N i w AR R B A B, Wy 12 I, HIkF) 95% ) B A5
DXTH] o O 1R BESB ORIEAE ARG S5, BT 12 4> H AR B A 9 ANN AT SVM AR B 44 3 51 ) F3 BT 5

3.2 MR BFHHERLSH

3.2.1. BESTATRE

WG AT RET DR AR A0, 0 B br i 2 A A3 B 2311 5 42 590 20 AT AR AE 22 e/ o TR R
P-11 S A A i S oA, FMEER % BE pR O -

_ BT 5\t ed)
f(x)_r(a)(x 5) e ,a>0,8>0 9)

K. o pAIS 3N P-IN BUMRRIEAR. REMMLESH: T(-) s,

S;» S, H =ZAVEEM P-IN AT SHCEHIE A 1H, 3% H Kolmogorov-Smirnov (K-S) £ 35 % X 44 73
AL REATAR LS, 45 W% 2. 7F 5% AR PEACT R (I 58 0.0511), #AFEEE 1% .

3.2.2. RESTMAVEIL
FIFH ANN 5 SVM TiRAA S, » S, » # 7 —4E copula B & 73 Af o JEILTHH 15 4k Copula B %111 RMSE 14,
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Figure 1. The autocorrelation and partial autocorrelation function for reconstructed series under L = 11

E 1. L =11 EMFFIH B X MmE X & E

Table 2. Estimated parameters of marginal distribution and K-S test

T2 MBS HSHETEERM K-S 185

. S K-S Ko
AP AR
P B 5 Giit &

S; 111 0.00098 75.91 0.04835
S; 1.12 0.00100 68.86 0.04882
Ho 0.87 0.00076 61.37 0.04692

HH#1 TS, S, 5 H ZIAMFEIE KK R, fZiEH] Archimedean Copula B (/7% ) GumbelCopula R #iig Bk
B, HBAHKC R K 9 0.85, M7 50MKR, 155 copula 20N 6.72. RIS, . S, 5 H M =4k
oA, RENFRSE, AR SEEATIRAEAE 2, LEEE RMSE {8, &2 KHHEXFR GumbelCopula i
BUE ARSI 57 .
3.2.3. REMIR

& P-NI SATREAZ R (H o H > 6}, [ R RPHT FUKE A RR R IR AL Bh,, =70 m*/s,
how =15000 m*/s o #4459 H BUE [X [][70,15000] m*s LL Ah = 0.1 m®/s Jylil B 254y 149300 2553

U H 58 ANEUE N

h(i)=hy, +0.1-(i-1), i=12,-,149301 (10)

R BRAFHIIA G oy A AN B A I S HEE RARN(6)~(8), M S, =5, (k=12) I, WAFEIR Tt B A%
PERER B I Z £ [ h(i)[s,,s, |~ h(i).

3.3. ERoHT

IEHPHT 7K P 1954~2013 4F H A2 AR AT B2 Tk it ¢, 7Ee A ANN FT SVM B Re AL Tl ar, Sext
TR R BB AT AR 3 . SR 1954~2002 4 BORHEAT R B YI S5, AL I SR 5 S BO0E g SIS A R R,
K 2003~2013 AF 4 AT i 5 1 TP ATURE 28 PR Tl A 56 o G o, MR 23R 2 FU4TR DA AR A T 34 Hh i e 1k Tt &5
FURTHLTIO 45 5 WK 3.
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Table 3. Performance indices of models during training and testing periods
7 3. EEIRF ARG I EA Z AR BY AR R

F5E 11(1954.1-2002.12) #:54:191(2003.1-2013.12)
FAY
NS wB RE max R NS wB RE max R
SSA-ANN 0.77 0.99 0.18 0.88 0.81 1.03 0.12 0.90
SSA-SVM 0.77 0.98 0.19 0.91 0.80 0.98 0.17 0.92
[ ES Tk 0.78 0.98 0.17 0.88 0.82 0.99 0.13 0.90
8000 4 FERIRKE
—SSA-ANN
7000 A —SSA-SVM
BETRE
6000 - —RE
5000 A
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Figure 2. Comparison of observed and probability forecasted monthly inflow and 90% confidence intervals
during testing period

E 2. REHARRRINESHEEMRS I0%EEXEXIELE

HH 3 f9H, SSA-ANN 1 SSA-SVM H 423 PR A 284 26 5 MDA 56 AN A1 2038 R EUAE 80% /e 7 AHAHf
EVETIRT S, MEERPE TR 80 REE — EC BN A T & . KE T R T 1, KRB F
MR KE /N T LRk E, AT RE R RTE T i T /b s AR KA IRARX IR ZETE 15% A A5 8l FHORMER
ok B e 90%.

N T BT E R, R TR, P 2 G TR R AR T TR R TR R e S
HEFEXT L. I 2 TRLE MG Y, TR RS S AR I K AR AR SO ) B AR — L, (E TR 7 4 i R AR
AR TN AR A 22, AT AR R R SSA MR KB AL I B (5 5 N5 5, K ILad uE, AT S BUR A A2 1L
WA PR, HAh, RIS R, SEBEMKT a = 0.1, THHEAEMER 5% 95%(1 7 %,
B AR 90% It & TR X IR 1) B AE T RRAN FFRAE . ARSI N, SR & tH DL AE T, B T e T TR
7 SSA-ANN FI SSA-SVM {Hi i)y, S EMEZ TR ok 6 & Sl &, ARt — B0 o0, (HS0lin &4 0 4
PLT IR IX H 2N, R X I TR B AT 5, T DU by SR SR o8 2 (S 8., 1S TR AN ATE R b e
SEEHE S ENE, SEO RS RN S

4, &Eig

IKEERK BRI TR, BRI SARFAF SRR, W T I TR, 38 A AN 58 3 2 A TR 4
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RATEE B R TARA R INME. X 2 MR TR as R A, LA IER) copula PREL, HiE 2R EECE
oA, g AR TR X (] LS P Pk 45 R o RO T LR, 15 FI LR 458

1) BERFUR AT LAE —EREE L RS AR HIOC S, SemPiiors . 58 MERTEA L, MR TR
A LA BRI

2) 2T Copula J7iERIMER TR AT LAZS th B AR KT N R BHRIXTE), AR T RN g B2 S Rk (A w2
.

E&WE

5% 19 SRR 5 42 (51539009) 1+ = 1 [H 5% & £ % (2016 YFC0402206) ¥ 77 H

SE3#k (References)

[1] WANG, W. C., KWOKWING, C., CHENG, C. T., et al. (2009) A comparison of performance of several artificial intelligence
methods for forecasting monthly discharge time series. Journal of Hydrology, 2009, 374(3-4): 294-306.
https://doi.org/10.1016/j.jhydrol.2009.06.019

[21 MEIZ, BEH. SR EHE KIS A ], KR4k, 2006, 37(6): 681-686.

LIN Jianyi, CHENG Chuntian. Application of support vector machine method to long-term runoff forecast. Journal of Hydrau-
lic Engineering, 2006, 37(6): 681-686. (in Chinese)

[81 KX, R, T/, 55 5T GM-SVR & 1 A AR BB 78 5 N [3]. 7K J1A 8, 2015, 41(12): 17-20.

ZHU Shuang, ZHOU Jianzhong, DING Xiaoling, et al. Research and application of monthly runoff forecast model based on
GM-SVR coupling. Water Power, 2015, 41(12): 17-20. (in Chinese)

[4] EX, FRAELR, BT, x)EH. SSA-LSSVM 1 KA 0 o (K 52 FH W S [J]. 7K BEEHE 7, 2016, 5(5): 423-433.
BA Huanhuan, GUO Shenglian, ZHONG Yixuan and LIU Zhangjun. Application of SSA-LSSVM in mid-long term runoff
prediction. Journal of Water Resources Research, 2016, 5(5): 423-433. (in Chinese)

[6] xU&EH, #4:5%, BRI, . VU ETHEA UK IR AR R &% EE BB HIBT FE[9]. KM 224, 2014, 45(9): 1019-1028.

LIU Zhangjun, GUO Shenglian, LI Tianyuan, et al. Bayesian probabilistic flood forecasting model and its application research.
Journal of Hydraulic Engineering, 2014, 45(9): 1019-1028. (in Chinese)

[6] Ak, E&4M, BHER FETMPOERRATA M A RRM A A B 0], /K REIRFL S, 2015(2): 22-24.

LI Cailin, WANG Dongmei and LI Chuanquan. The monthly runoff probability forecast model based on similar process deriv-
atives research. Water Resources and Power, 2015(2): 22-24. (in Chinese)

[7] EZ, WEL, 2w, &R o e R KRR R T g AT 7] ARKIT, 2011, 42(9): 4-7.

WANG Yun, GUO Shenglian and LI Xiang. Singular spectrum analysis in the application of medium and long-term runoff
forecast. Yangtze River, 2011, 42(9): 4-7. (in Chinese)

[8] RutF, R AR SWAMTBIITEM]. SR H R, 2010.

WU Hongbao, WU Lei. Climate change rate of diagnosis and prediction method. China Meteorological Press, 2005. (in Chi-
nese)

[9] CHAU, K. W., CHENG, C. T. Real-time prediction of water stage with artificial neural network approach. Advances in Artifi-
cial Intelligence, Berlin Heidelberg: Springer, 2002: 715.

[10] PR, EARMS, ZEEME. ERIA KPR E RSB KA K4z fiia 77 3], KRHA1E R, 2009, 20(6): 857-862.

ZHOU Huicheng, WANG Fuxing and LIANG Guohua. Decision-making on reservoir flood control level and its control man-
ner in post-flooding seasons for Biliuhe Reservoir. Advances In Water Science, 2009, 20(6): 857-862. (in Chinese)

[11] VAPNIK, V. N. Statistical learning theory. Encyclopedia of the Sciences of Learning, 1998, 41(4): 3185.

[12] F8ESR, E5ME, B, 45, Copula B7E 2 A& Bk ST vH S b S Sk Tk FE[J]. 7K 3L, 2008, 28(3): 1-7.
GUO Shenglian, YAN Baowei, XIAO Yi, et al. The application and research of Copula function on multivariate hydrological
analysis and estimation. Journal of China Hydrology, 2008, 28(3): 1-7. (in Chinese)



https://doi.org/10.1016/j.jhydrol.2009.06.019

	Probability Forecast of Monthly Reservoir Inflow
	Abstract
	Keywords
	水库月径流概率预报研究
	摘  要
	关键词
	1. 引言
	2. 研究方法
	2.1. 奇异谱分析
	2.1.1. 建立相空间
	2.1.2. 奇异值变换

	2.2. 人工神经网络模型
	2.3. 支持向量机模型
	2.4. 基于Copula函数的径流概率预报模型
	2.4.1. Copula函数
	2.4.2. 条件概率

	2.5. 模型性能指标

	3. 实例研究
	3.1. 数据预处理
	3.1.1. SSA参数的选择
	3.1.2. 预报因子的选取

	3.2.实测流量的条件概率分布
	3.2.1. 边缘分布的确定
	3.2.2. 联合分布的建立
	3.2.3. 概率预报

	3.3. 结果分析

	4. 结论
	基金项目
	参考文献 (References)

