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Abstract

Due to complexity of environment system and impact of climate change and human activity, there
are many uncertainties in hydrological modeling and forecasting, which affect the reliability and
practicability of the simulation and prediction results to some degree. To solve this problem, a
framework of hydrological modeling based on multiple working hypotheses was presented, in-
cluding developing a hydrological model based on CORBA (Common Object Request Broker Archi-
tecture), to provide more alterative model hypotheses and parameter based on characteristics of
climate and underlying in study basin, for model hypothesis testing; and establishing a multi-fac-
tors diagnostic approach based on Bayesian theory for model evaluation. Multiple working hypo-
theses for hydrological modeling will benefit the improvement of the hydrological forecasting
theory and accuracy, and provide the scientific decision for flood control and operation.
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H 20 thed 60 FFARLISK, DAFEHLEAR. KRG AR RS IR EIS S NIRRT A B
JIFEAE K SCTIAR A ) S A [T B 3 1 TRUHRORE B, /K ST TR B AR AE B i 5 SR T T #3845 7R WUk
HHRE. BEEITEN. HEEERA. B, B, UALSKREMNRASRFEAREROHHHA R,
WK ORI A S TR & =+ 2 B AN R T EEM R HE, KRRk
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FAMEAL G IR SRS G5 R RIS 3, T XN i A5 B AT AR I 5 ST, X e 5T e I R 3R S 3
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B A& MK SCERY A 80 55 4 K SCIAUL 5 Tt b AN P, 2 F A i — /N SGB R o) s T B
FE R AT KOS TR HL e 2 B 1. X 2 E BRK SCR B2 1) PANTA RHEI (Everything
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AT 2 B 3K SCRE Y Rt 78 B AR RS LG UE 1R ZE AR I RIS e M L RS R ] A 1) 43 BT S 5 T
Beven[7]F 1992 -Z et T /K ST “ S [RIAL” IR AL, FRER ORI SOR L R AN Hff 7 1 A 7
i@, 5T Horberger F1 Spear 1] RSA 7732, & 1 FAUSR A 2 M4k 1T (Generalized Likelihood Un-
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BT AT S R B SK ) S HUE S 2R 0 A A B BB S THRAE[11] [12]. 20 4D 90 4EAX, WFFE N T
R B B 52 R B2 (Markov Chain Monte Carlo, MCMC) 51 A\ B S50 it At 2 YEE st [ 13] [14], B/
R X AN B PERF R AR T B3R K B0 T E . MCMC J73: NS E 5 36 /0 A R BURE AT, $4E T Hh B
AT EZME S, T HEE S TN IERIEUE AT H THERT I 53— b IR AR R AN € 14 (1)
T8 R P 2T DU B (AN i 1 702 %7 A DU i A i 430%: (Bayesian model choice) 1 I
-5 73 - #5575 (Bayesian model averaging)[15]. DU SR 2R g 90\ Sy 912 3 A 8 (1) J B Ak ok L 2%
SRS, B K5 W2 A A R OA d o AR ASE AR o DL SRR P 19 DUl o Al B A AR 1)
— B, ARG IR IR A MR AT . A, R RAR[16]5R UL g A A R kA
TOPMODEL Z AN g s 345555 [ 171 F DL s 8 A ST 38 75 323k AT 7K SRS Y B AN 5 PR 234
HoAt A ARRMER TTEEILA . Thiemann 25 A 42 H (1) DU 73 944 1+ BaRE (Bayesian Recursive Estimation) 77
¥:[18], H SCE-UA HEATAE kK SCEM-UA (shuffled complex e volution Metropolis algorithm) J7%:[19],
Butts 2 ! i 4E %32 (Ensemble)[20], Montanari F1 Brath $2 ! (/) Meta-Gaussian #%4[21], Wagener #2H!
502 T 1R 51 772 (Dynamic identifiability analysis, DYNIA)[22], Z¥Kfi# J7i%:(ParaSol)[23], 2545,
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s WAEAE, EER EXTA E R E B AT TR R R — e St , il GLUE ik 2
FE T TS AL NN S B AN 8 PEA TH ECE AN ) B FH B 70380 28 DU S e v R 2832 [ 24] 5 TR TR A
GERYAS B IRASTH S M — e i 52 BAk, it Clark Z5[25]%257 1 FUSE(framework for understanding structural
errors) >R b A [RI AR B S5 R AR AN [F) 155 550 BOASEADLRICR, s TR IFXof T S e eF 465 5 1) Rt e PR ABE 284 285 ) 9 5
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3.3. ETF MR ZERFTFNICH A

PG 7532 3 B DL 8K SCanl A 300 o R SO K SOREAUL 5 Tl ) 85 R AT IiE, R e h
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Figure 1. Schematic diagram of multiple factor hydrological simulation evaluation diagnosis
based on Bayesian theory
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Figure 2. The workflow chart of hydrological simulation system based on multiple
working hypotheses

E 2. ETZETERRNREKENR G TIEREE

SLRERE

ZREPTE, BIRIAETSRAT T AR SOREAUL S TR S AN 58 8 ()8 L Jl 0 [ B 7K SO 227 7 o A B
FEURAL, AT A ANERE PRI UK A B S o] S B i T AR R A A 1R A B 5 S e 55 A6 K SRR
S TR AT ENE, X —EERASCEREI R R, BRCA 2 E IS T — SRR, (HiE
IR o v, Bl il AU BEAS /K SCRFA A R R B R B A ” o S & A I e, fnnoK Az s
TIEKE . WRAR . HRARGSE, 2 AR 59K SRS B AN E LI A ROT 1% 7 —
N7 T RS T2 AN E PR AN AN E VR UL, B SR AN E (I ORI fe . 2 B [ A
G L AR B i — RO ] 38 S5 A4 K SO BT 7T, T 2 At T i B D) 2 B ) 25 g
HITE. Hik, RAAEE I BOARETE, R 2T SRR AR, RN R 2 AR
A RE KRR R B AR5 R BRSO TR RS o 0 T 58 K SRR . 2508 FilaoRs 12
LU B N B ik i BE SRR 2 B D SRR A, R A EE B B e SO S B B2 FH

B
ARSCHRAHE R [ AR IS LI F (51879223) B D, fEULF R



BT 22 L TARARUE PR 7K SCREADL 2 1 5 A 4

SEW#Ek (References)

(1]

(2]

(3]

(4]

(5]

(6]
(7]

(8]

(9]

[10]

[11]
[12]
[13]

[14]

[15]

[16]

[17]

ANDRASSIAN, V., LERAT, J.,, LOUMAGNE, C., MATHEVET, T., MICHEL, C., OUDIN, L. and PERRIN, C.
What is really undermining hydrologic science today? Hydrological Processes, 2007, 21(20):2819-2822.

MR, B, skiz. PE PUB WHFE SRR, KA S A E R SR IM]. Jbat: F EKFIK
HLHH A, 2004

YANG Dawen, XIA Jun and ZHANG Jianyun. PUB research and development in China. The complexity and uncer-
tainty of water issues research and development. Beijing: China Water Power Press, 2004. (in Chinese)

MiAEAE, 248, REFH. AOCEETHRIRIE L R[] KRR, 2012, 23(5): 728-734.
LU Guihua, WU Juan and WU Zhiyong. Advances in hydrologic ensemble prediction experiment. Advances in Water
Science, 2012, 23(5): 728-734. (in Chinese)

tRorss, W A ROKSCRBAIT S 5 R A HERE[J]. /K244, 2010, 41(9): 1009-1017.

XU Zongxue, CHENG Lei. Progress on studies and applications of the Distributed Hydrological Models. Journal of
Hydraulic Engineering, 2010, 41(9): 1009-1017. (in Chinese)

BORMANN, H., DIEKKRUGER, B. Possibilities and limitations of regional hydrological models applied within an
environmental change study in Benin (West Africa). Physics and Chemistry of the Earth, Parts A/B/C, 2003, 28(33-36):
1323-1332.

SINGH, V. P., WOOLHISER, D. A. Mathematical modeling of watershed hydrology. Journal of Hydrologic Engi-
neering, 2002, 7(4): 270-292.

BEVEN, K. J., BINLEY, A. The future of distributed models, model calibration and uncertainty prediction. Hydrolog-
ical Processes, 1992, 6(3): 279-298.

T, IRk, GLUE 7710 R AR K SCANH e P73 A b RS HT . 7K o] R A0 52 2 M AR AN Bl MR 9 55 3 Je [MI].
Je3: o E KRR R R kL, 2004,

MO Xingguo, LIU Suxia. The GLUE method and its application in hydrological uncertainty analysis. The complexity
and uncertainty of water issues research and development. Beijing: China Water Power Press, 2004. (in Chinese)
KA, R, R, AR SOBE AN & P70 B ) 22 I UR 98 GLUE J73k ] DU)IRA2 54k (T AR R 22 R),
2009, 41(4): 89-96.

LIU Yanli, LIANG Guohua and ZHOU Huicheng. Uncertainty analysis of hydrological model using multi-criteria li-
kelihood measure within the GLUE Framework. Journal of Sichuan University (Engineering Science Edition), 2009,
41(4): 89-96. (in Chinese)

MHLZE, FRbeZ, 119, T Copula-Glue HJZK SCRERZ BOANH & MW 7T [J]. Hh L oK 22 24 (H AR B Ri), 20009,
48(3): 109-115.

LIN Kairong, CHEN Xiaohong and JIANG Tao. Parameter uncertainty in hydrological model based on Copula and
Glue. Acta Scientiarum Naturalium Universitatis Sunyatseni, 2009, 48(3): 109-115. (in Chinese)

MANTOVAN, P., TODINI, E. Hydrological forecasting uncertainty assessment: Incoherence of the GLUE methodol-
ogy. Journal of Hydrology, 2006, 330(1-2): 368-381.

BEVEN, K., SMITH, P. and FREER, J. Comment on “Hydrological forecasting uncertainty assessment: Incoherence
of the GLUE methodology” by Pietro Mantovan and Ezio Todini. Journal of Hydrology, 2007, 338(3-4): 315-318.
KUCZERA, G., PARENT, E. Monte Carlo assessment of parameter uncertainty in conceptual catchment models: The
Metropolis algorithm. Journal of Hydrology, 1998, 211(1-4): 69-85.

BLASONE, R. S, Vrugt, J. A.,, MADSEN, H., ROSBJERG, D., ROBINSON, B. A. and ZYVOLOSKI, G. A. Genera-
lized likelihood uncertainty estimation (GLUE) using adaptive Markov chain Monte Car lo sampling. Advances in
Water Resources, 2008, 31(4): 630-648.

WASSERMAN, L. Bayesian model selection and model averaging. Journal of Mathematical Psychology, 2000, 44(1):
92-107.

PR, WAL KB, NS, X145, 3T UIEEA K TOPMODEL S¥ORHGE AT, T K224
(AR 2R), 2009, 37(2): 129-132.

LIANG Zhongmin, LI Binquan, YU Zhongbo, HUA Jiapeng and LIU Jintao. Parametric uncertainty analysis for
TOPMODEL based on Bayesian theory. Journal of Hohai University (Natural Sciences), 2009, 37(2): 129-132. (in
Chinese)

AN, B, TR, ET UM R INA S 2 07 VE I K SCRE RO B 1€ 1 40 AT [9]. KR 24k, 2011, 42(9):
1065-1074.

DONG Leihua, XIONG Lihua and WAN Min. Uncertainty analysis of hydrological modeling using the Bayesian
Model Averaging Method. Journal of Hydraulic Engineering, 2011, 42(9): 1065-1074. (in Chinese)



T % E

TARBRE AR SCREAUL R S HESE

(18]

[19]

[20]
[21]
[22]
[23]

[24]

[25]

[26]
[27]
(28]
[29]
[30]
[31]

[32]

[33]

[34]

[35]

[36]
[37]
[38]

[39]

THIEMANN, M., TROSSET, M., GUPTA, H. and SOROOSHIAN, S. Bayesian recursive parameter estimation for
hydrological models. Water Resources Research, 2001, 7(10): 21-35.

VRUGT, J. A,, GUPTA, H. V., BOUTEN, W. and SOROOSHIAN, S. A shuffled complex evolution Metropolis algo-
rithm for optimization and uncertainty assessment of hydrologic model parameters. Water Resources Research, 2003,
39(8): 1-16.

BUTTS, M. B,, PAYNE, J. T. and KRISTENSEN, H. An evaluation of the impact of model structure on hydrological
modeling uncertainty for streamflow simulation. Journal of Hydrology, 2004, 298(1-4): 242-266.

WAGENER, T., MCINTYRE, N., LEES, M. J., WHEATER, H. S. and GUPTA, H. V. Towards reduced uncertainty in
conceptual rainfall-runoff modeling: Dynamic identifiability analysis. Hydrological Processes, 2003, 17(2): 455-476.

MONTANARI, A., BRATH, A. A stochastic approach for assessing the uncertainty of rainfall-runoff simulations.
Water Resources Research, 2004, 40(1): W01106.

VAN GRIENSVEN, A., MEIXNER, T. Methods to quantify and identify the sources of uncertainty for river basin wa-
ter quality models. Water Science and Technology, 2006, 53(1): 51-59.

FBR, WER, WAL FT DU R KON E M ST FU . K RFEHERE, 2011, 21(2): 274-281.
LINAG Zhongmin, DAI Rong and LI Binquan. A review of hydrological uncertainty analysis based on Bayesian
theory. Advances in Water Science, 2011, 21(2): 274-281. (in Chinese)

CLARK, M. P., SLATER, A. G., RUPP, D. E., WOODS, R. A., VRUGT, J. A., GUPTA, H. V., WAGENER, T. and
HAY, L. E. Framework for Understanding Structural Errors (FUSE): A modular framework to diagnose differences
between hydrological models. Water Resources Research, 2008, 44(12): W00BO02.

CLARK, M. P., KAVETSKI, D. and FENICIA, F. Pursuing the method of multiple working hypotheses for hydrolog-
ical modeling. Water Resources Research, 2011, 47(9): W09301.

GOODMAN, D. Extrapolation in risk assessment: Improving the quantification of uncertainty, and improving infor-
mation to reduce the uncertainty. Human and Ecological Risk Assessment, 2002, 8(1): 177-192.

GUPTA, V. K., SOROOSHIAN, S. The relationship between data and the precision of estimate parameters. Journal of
Hydrology, 1985, 81(1-2): 55-77.

UHLENBROOK, S., SIEBER, A. On the value of experimental data to reduce the prediction uncertainty of a
process-oriented catchment model. Environmental Modelling and Software, 2005, 20(1): 19-32.

CHOI, H. T., BEVEN, K. Multi-period and multi-criteria model conditioning to reduce prediction uncertainty in an
application of TOPMODEL within the GLUE framework. Journal of Hydrology, 2007, 332(3-4): 316-336.

GALLART, F., LATRON, J., LLORENS, P. and BEVEN, K. Using internal catchment information to reduce the un-
certainty of discharge and baseflow predictions. Advances in Water Resources, 2007, 30(4): 808-823.

SCHMITTNER, A., URBAN, N. M., KELLER, K. and MATTHEWS, D. Using tracer observations to reduce the un-
certainty of ocean diapycnal mixing and climate-carbon cycle projections. Global Biogeochemical Cycles, 2009, 23(4):
19-32.

MASCHIO, C., SCHIOZER, D. J., MOURA, M. A. B. and BECERRA, G. G. A methodology to reduce uncertainty
constrained to observed data. SPE Reservoir Evaluation and Engineering, 2009, 12(1): 167-180.

KARASAKI, K., ITO, K., WU, Y. S., SHIMO, M., SAWADA, A., MAEKAWA, K. and HATANAKA, K. Uncer-
tainty reduction of hydrologic models using data from surface-based investigation. Journal of Hydrology, 2011,
403(1-2): 49-57.

YL, BRiEZE. HF FCM-SCEMUA HIZK U B S RO 58 VAl T 7578, 7K F 4, 2010, 41(10): 1186-1192.
LIN Kairong, CHEN Xiaohong. Uncertainty estimation of the hydrological model based on FCM and SCEMUA.
Journal of hydraulic engineering, 2010, 41(10): 1186-1192. (in Chinese)

LIN, K. R, LIU, P, HE, Y. H. and GUO, S. L. Multi-site evaluation to reduce parameter uncertainty in a conceptual
hydrological modeling within the GLUE framework. Journal of Hydroinformatics, 2014, 16(1): 60-73.

LIN, K. R, LIAN, Y. Q. and HE, Y. H. Effect of Baseflow Separation on Uncertainty of Hydrological Modeling in the
Xinanjiang Model. Mathematical Problems in Engineering, 2014, 2014: Article ID: 985054.

FEYEN, L., KALAS, M. and VRUGT, J. A. Semi-distributed parameter optimization and uncertainty assessment for
large-scale streamflow simulation using global optimization. Hydrological Sciences Journal, 2008, 53(2): 293-308.

T, BEaLdE, JREE. BhE D/RBREE-SU% R I8 SV 0 oot i AR AN 5 T Al T 5 SR AE SR K SCAR A
BN . 7K F) 243K, 2009, 40(4): 464-473.

WEI Xiaojing, XIONG Lihua, WAN Min, et al. Application of Markov Chain Monte Carlo method based modified
generalized likelihood uncertainty estimation to hydrological models. Journal of Hydraulic Engineering, 2009, 40(4):

464-473. (in Chinese)



HT 2 B ARV K ORI 16 S HELE

[40]
[41]

[42]

CHAMBERLIN, T. C. The method of multiple working hypotheses. Science (Old Series), 1890, 15: 92.

BEVEN, K. J., SMITH, P. J,, WESTERBERG, I. K. and FREER, J. Comment on “Pursuing the method of multiple
working hypotheses for hydrological modeling” by P. Clark et al. Water Resources Research, 2012, 48(11): W09301.

CLARK, M. P., KAVETSKI, D. and FENICIA, F. Reply to comment by K. Beven et al. on “Pursuing the method of
multiple working hypotheses for hydrological modeling”. Water Resources Research, 2012, 48(11): W11802.



	Theory and Framework of Hydrological Modeling Based on Multiple Working Hypotheses
	Abstract
	Keywords
	基于多重工作假说的水文模拟理论与框架
	摘  要
	关键词
	1. 引言
	2. 多重工作假说理论
	2.1. 当前水文模拟存在的主要问题
	2.2. 多重工作假说理论

	3. 基于多重工作假说的水文模拟框架
	3.1. 基于同步观测实验的流域水文信息挖掘与分析
	3.2. 基于组件技术的模块化水文模型框架
	3.3. 基于贝叶斯理论的多重因子评价诊断方法
	3.4. 基于多重工作假说的流域水文模拟系统

	4. 结论与展望
	致  谢
	参考文献 (References)

