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Coupled model for long- term runoff prediction considering nomn stati onarity
ZH A O Jiarr shi, WANG Jun, ZHAO Tong tie gang

(Department of Hydraulic Engineering, Tsinghua University, Beijing 100084, China)
Abstract: Climat e change can cause no stationarity in hydrological series, bringing more challenges to hydrological prediction.
Taking Shule rive as a case, this paper explores a new long term runoff prediction model under nom stationarity. Based on runoff
recharge sources and climate change in upper reaches of the river, this paper first analyzes the trend term and periodic term of
the runoff series, and then builds a multiple regression model based on hydro climatic teleconnection analysis to predict the stor
chastic term. The issued model couples auto correlation model and hydro- dimatic teleconnection model by merging the three
terms together, and yields ultimate prediction runoff values. Prediction results of the teleconnection based model, the time series
model, and the coupling model, are compared. It is shown that the coupling model has the highest precision and provides the
most efficient results. M eanw hile, it can capture the nonstationary trend of streamflow.
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Fig. 1 Streamflow changing process of Changmabao gauge station
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Tab.1 Intrayearstreamflow distributions of Changmabao gauging station before and after abrupt change (%)

B Bt 1H 2 H 3H 4 H 5H 6 H 7H 8 H 9H 10 H 11 H 12 H
1954 4E— 1998 4 2.68 2.54 2.92 4.70 6.84  10.73  24.16 24.13  9.80 5.08 3.69 2.73
1999 4- 2011 4 2.88 2.73 3.03 4.69 5.77 9.48  24.51  24.34 10.67 5.42 3.64 2.84
Ll A8 A% 4, 0.20 0.18 0.12 -0.01 -1.07 -1.25 0.35 0.21 0. 87 0.34 - 0.05 0.11
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Fig. 2 Trend analysis of next M arch
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Fig.3 Trend analysis of next May
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Tab.2 Main periodic components of each month

A T

BEE10H Tl= 2.9, T2= 4, T3= 2.22, T4= 20, T5= 10
MAE1LH Tl= 2.86,T2= 2.5 T3= 6.67, T4= 4
AE12 H Tl= 2.5, T2= 6.67, T3= 2. 86, T4= 3.33
wETH Tl= 4,T2= 6.67, T3= 2.5, T4= 20

W2 H T1= 20, T2= 2.86, T3= 4, T4= 2.5, T5= 6.67
W3 H Tl= 2.86,T2=5

W4 1 Tl= 1.54, T2= 3.33,T3= 2.5, T4= 20, T5= 4
W5 Tl1= 10, T2= 20, T3= 2. 86, T4= 2. 22
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Tab.3 Names of climatic factors

45 B 45 E

EA East Atlantic Pattern QBO Quast Biennial Oscillation
NINO3 NINO3 Index NINO3. 4 NINO3. 4 Index
NINO4 NINO4 Index TNI Trans Nimo Index
CAND Scandinavia Pattern EA/WR East Atlantic/ Western Russia Pattern

PDO Pacific Decadal Oscillation TSA Tropical Southern Atlantic Index

PNA Pacific North American Index P/EP Polar/ Eurasia patterns

4

Tab.4 Teleconnection factors of each month

TR N B ECESE

M4E10H EA(8),NINO3(1),P/EP(7),NINO3(2),NINO3(12)
AE 1L H
MIE12
W1 H QBO(12),NINO3.4(8),QBO( 1), NINO3. 4 9), QBO(11)
w2 H
A3 H
WAE4 H PNA(10), EA/WR(12),PNA(11),PDO(10), TSA(11)

EA(2),EA(6),SCAND(5),PDO(2)
P/EP(3),PDO(4),SP(6),PNA(1),PDO(2)

EP/NP(7), NINO4(10), EA(8), TNI(9), TNI(8)
PNA(2),EA(10), MEI( 10), NINO4( 10), MEI( 11)

WAES H PIEP(1), QBO(9), QBO(8), TNI(4), NINO4(11)
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Fig. 4
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Forecast results of coupled model

(P

RS WA BT IR a] P8 AR RTEE ATHOG Tt
B AE TR AOTIAR BOR HEAT TR, SR P 240
xR ZERAHER FREOR = RS BRI G R BT TR
ARG XS LE 73T o

5
Tab.5 Accuracy evaluation results of different forecast models
P ERFE BERTE OMEI0H 0 ME1ULH HFE12 A WA 1 H W2 H WHE3H A4 H WS H
TEAH G 18.12 22.6 31.23 30. 43 24,17 20. 32 19. 42 18. 66
;ﬁﬁﬁ I [ 7 51 18. 87 23.03 25. 67 27.72 25. 54 21.81 16. 65 9.96
e 15.98 20. 57 26. 64 25. 42 21.86 21.13 13.96 9.57
TEAH G 0.613 0. 022 - 0.367 - 0.102 - 0.157 - 0.167 0.164 - 0. 667
ARRE WE)F 0. 457 0. 155 0. 027 0. 027 - 0.121 0.184 0.559 0.814
iRt 0.391 0. 143 0. 088 0. 266 0.371 0.294 0. 676 0. 852
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