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Abstract

The accurate determination of the amount of runoff resulting from precipitation on the surface of
the watersheds is accompanied by errors due to the effect of various components, such as soil
moisture, evaporation and transpiration, infiltration, and the impossibility of accurately measuring
them. Therefore, the simulation of the precipitation-runoff process is associated with uncertainty.
Uncertainty in calibrating models is caused by input information, model structure, and used
parameters. Quantifying uncertainty is necessary for making decisions in water resource plans. One
of the methods of calculating the uncertainty in the simulation process is to use Bayes's theory as the
basis of calculations. In this research, an innovative method, which is a combination of Bayes
analysis and the Monte Carlo method, taking into account the goodness of fit criteria, under the title
of generalized similarity function, was used to calculate uncertainty. To determine the uncertainty of
the parameters used in the calibration of the HBV rainfall-runoff model, the equation of daily flow
entering the Shahid Rajaei dam in the Tajen catchment was used. The results showed that the
mentioned method can detect uncertainty in the model. So the Nash index was obtained in the range
of 0.4 to 0.68. The mentioned method is effective in identifying and introducing the co-termination
theory, using a set of different parameters in the calibration of the model. So that by using the set of
parameters, the same value of the goodness of fit index is obtained.

Introduction

In hydrologic studies considering and quantifying uncertainty are of high importance for applying
the rainfall-runoff models. In general, the uncertainty sources of rainfall-runoff models are
categorized into three major groups namely, the uncertainty of input data, model structure, and model
parameters. It is crucial to quantify uncertainty to consider the future risks due to simulated data. The
applied equations have multiple parameters. It is possible to quantify the uncertainty, applying the
parameters and defining a likelihood function. Uncertainty analysis of models helps to investigate
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their efficiency better, comprise the results and finally select the appropriate model. Different
methods such as Bayesian inference, data assimilation (Moradkhani, 2005), and Bayesian model
averaging are employed and developed for identifying uncertainty. One of the above-mentioned
methods which are applied frequently for uncertainty estimation regarding the calibration of models
is Bayesian theory. In this research, an innovative method based on the combination of Bayesian
theory, Monte Carlo method, and likelihood function have used to quantify the uncertainty, namely
generalized likelihood unbiased estimation. This method is based on the equatability principle. This
principle suggests that various parameter sets can reach the same value in terms of the likelihood
function. This principle shows that by applying the optimization and automatic methods (Sorroshian,
1980, Duan et al., 1992) aiming to find the optimum solution, it is not possible to reach acceptable
results, as different parameter sets may reach the same likelihood function value. Therefore, it is not
logical to consider merely one optimum parameter set, and feasible parameter sets should be used in
the analysis phase. With this strategy, one can consider the role of parameter uncertainty in the
calibration of rainfall-runoff models. In this regard, it is also necessary to define utility constraints for
assessing the calibration results to discard the inappropriate parameter sets. In the past two decades,
numerous studies have been implemented, aiming to investigate uncertainty with different methods.
In a study, the role of erroneous in the calibration of the rainfall-runoff model has been evaluated to
guantify uncertainty with an innovative approach of Bayesian theory, and the Monte Carlo method
(Beven & Binely, 1992). Finally, to quantify the uncertainty, generalized likelihood uncertainty
estimation is used. It has been applied for calculating the uncertainty of modeling daily stream flow
upstream of the Shahid Rajaee dam in the Tajan watershed in Mazandaran province with the HBV
model.

Methodology

The HBV hydrology model is a computer simulation model developed to analyze river discharge
and water pollution. This method contains uncertainty that should be quantified with an appropriate
method such as Bayesian inference. Bayesian inference is a method of statistical inference in which
Bayes' theorem is employed to update the probability of a hypothesis as more information becomes
available. Bayesian inference is a crucial technique in statistics, especially in hydrological statistics.
Bayesian updating is particularly important in the dynamic analysis of a sequence of historical data
such as streamflow that sheds from a watershed, as outflow.

Results and Discussion

The results showed that it is possible to quantify the uncertainty with the generalized likelihood
unbiased estimation approach. Discarding the inappropriate results has been implemented by
defining the constraint value of 0.5. Moreover, the Nash-Sutcliffe measure varied between 0.4 and
0.68. The results have shown that the GLUE approach is a suitable method for both quantifications of
uncertainty and also an investigation of the equatability theory which states that different parameter
sets can result in a similar goodness of fitness index value. The boundary of uncertainty related to
extreme values is wider owing to flood events in the Tajan watershed, hence the model results are not
satisfactory on days with a flood. However, it is observed that normal daily streamflow due to base
flow and the recession limb of the hydrograph have better simulation outputs.

Conclusions

The results of this study showed that uncertainty analysis by applying generalized likelihood
unbiased estimation can help in recognizing the role of parameter uncertainty in the calibration of the
HBV rainfall-runoff model. It also resulted that the Nash-Sutcliffe efficiency index has a good
performance in terms of the defined likelihood function. It is vital to choose a constraint for the
rejection of inappropriate simulations. Therefore, the uncertainty of different days is quantified based
on the acceptable likelihood functions and regarding the related calculations for 95% and 5%
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confidence intervals. Moreover, the average value of the optimum Nash-Sutcliffe is obtained at 0.68.
It is worth noting that uncertainty analysis with generalized likelihood unbiased function, not only do
consider the different parameter sets, but also investigates the effect of model structures on the
amount of uncertainty that rainfall-runoff models contain. The results also showed that various
parameter sets may reach the same amount of efficiency function value due to the equitability
principle. Hence, it is crucial to consider the equatability principle in the model simulation phase. In
conclusion, by applying the abovementioned principle, one can quantify the uncertainty of rainfall-
runoff models and consider its role of it in hydrologic studies.
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Fig. 3- The uncertainty estimation method using the GLUE method
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Table 1- The range of values of the HBV model parameters

Row  Parameter Equivalent Unit Range Row Parameter Equivalent Unit Range
Water level
1 Day degree DD °C 2-8 6 limit in the L mm 0-6
tank
2 Agriculgural FC mm 75- 7 Infiltration K mm  0-0.06
capacity 225 storage P
Subsurface
3 Shape factor Beta - 0-8 8 storage Ky mm  0-0.15
coefficient
Surface
4 storage Ko mm 0-025 9 Permanent pwp mm [®
- wilting point 220
coefficient
Base flow Temperature 1
5 storage Kz mm 0-0.06 10 coefficient c Cc 0-0.08

factor
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Table 2- Upper and lower bounds of uncertainty at 5 and 95 % confidence levels for water flow data
(cubic meters per second) in a month

Level (%)

. . Level (%)
Day Observation 5 95 Day Observation 5 95
1 7.9 1.94 135 16 4.1 0.52 3.8
2 119 2.4 18 17 3.9 0.55 3.3
3 104 1.8 16.7 18 3.7 0.57 4.1
4 10.4 1.1 13 19 3.7 0.65 3.9
5 8.5 0.65 10.7 20 3.5 0.31 7.4
6 6.8 0.31 8.7 21 45 0.5 10
7 6.1 0.07 7.1 22 16.9 15 22.9
8 7.6 0.13 7.7 23 14.8 5.1 39
9 9.5 0.12 10.5 24 13.1 7.9 40
10 10.3 0.11 8.4 25 125 8.3 34.6
11 9.2 0.24 6.9 26 11.7 7.2 26
12 7.3 0.33 5.7 27 10.4 6 213
13 6.1 0.39 4.8 28 12 7.3 23.7
14 5.2 0.5 4.4 29 14.4 12.3 35
15 4.5 0.47 4.5 30 14.8 14 33.1
as
40 wwet Observational  « lower limit %65 -==« upper limit 9695
n discharge
—_ 35 " i
g 30 e i
s | i
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Fig. 5- Calculation flow chart and calculated uncertainty limits
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Fig. 6- The diagram of the error of the simulation process and its dependence on the
normal distribution

Jbs @39 31 OT Card § Gilwdumd aaT B Slas Hlages -1 <o

sladie il 86 (LS Glajell dsgere (350
Sge Sllom i)l e cuslad pas (lie )3 1) e
wyla pogad 53 oad plxl (cwyp Ores 83 8 (ow)p
slayell degere o5 Al gpige Sy Sblea
W bigd oo (aite bt &l 5l lasy jlade o & cilisee
2 WS bbd Shles oty (giloand a0l 5 gl
S3lodend 4015 53 39250 Cuabad e g oo Shler sl
goadlae 5 1) @l 5 awbxe 1) U, ()L sl e

255 (S5l

@lé;u@ 9 ;b’"
Olpde KaS g Colos jl Aib o piY 295 5 GBliwe
o pbel cwlie bylyd dbol jelaieds Luw degr ol

S 5 domi

okl b Cuzbad pae oo a8 oly lis o plosl Ly

Cunlad pae Lol 5 dwbre p Slg o wlis &b
HBV Cllgy = )b Jdo (oxiwly 53 edliiw] 3)50 (sl yialyls
i) > Sl — b s wb o) o b Ak
oaie g (Jde Gileand )| Jobs mls (il 25
Al @l ool b Conlad pae Llow (655,54 0 035
alis &l Collasl polie Bls gl Jlai 5)50 A3 sl
Pl 5 J9b 2y90 i b plie (slive o 1) 335 iy
Loz (slajgy > canhd pas olie bgrpe Slwlre
A0 g doyd g zobaw ) odel Cawdy SleMbl aely I oxlisul
2 b paslds bwgio Hlade pioren W100,5 (astie Mo yd
oS sl i )3 b el Consy a0 FA L ply 5y au S
Llod o Sl o 4t b 1 odlitl b Conbss pie Lo

References

1- Blasone, R.S., Vrugt, J.A., Madsen, H., Rosbjerg, D., Robinson, B.A. and Zyvoloski, G.A., 2008.
Generalized likelihood uncertainty estimation (GLUE) using adaptive Markov Chain Monte Carlo
sampling. Advances in Water Resources, 31(4), pp.630-648.

2- Bergstrom, S. and Graham, L.P., 1998. On the scale problem in hydrological modelling. Journal of

Hydrology, 211(1-4), pp.253-265.

3- Beven, K. and Binley, A., 1992. The future of distributed models: model calibration and uncertainty
prediction. Hydrological Processes, 6(3), pp.279-298.Beven, K.J. 2001. Rainfall-Runoff Modeling:

The Primer. Wiley, Chichester. 488 pages.

4- Beven, K.J., 2001. Rainfall-runoff modelling: The primer. John Wiley & Sons, Chichester. Rainfall-
runoff modelling: The primer. John Wiley & Sons, Chichester.



\YY

\\\—\Vfup.\‘:'*db\e;u??OJJJ Ls)l::’Tg""\"{"}f}l‘c

5- Chowdhury, S. and Sharma, A., 2007. Mitigating parameter bias in hydrological modelling due to
uncertainty in covariates. Journal of Hydrology, 340(3-4), pp.197-204.

6- Duan, Q., Sorooshian, S. and Gupta, V., 1992. Effective and efficient global optimization for
conceptual rainfall-runoff models. Water Resources Research, 28(4), pp.1015-1031.

7- Engeland, K., Xu, C.Y. and Gottschalk, L., 2005. Assessing uncertainties in a conceptual water
balance model using Bayesian methodology/Estimation bayésienne des incertitudes au sein d’une
modeélisation conceptuelle de bilan hydrologique. Hydrological Sciences Journal, 50(1).

8- Hastings, W.K., 1970. Monte Carlo sampling methods using Markov chains and their
applications. Biometrika, 57(1), pp.97-109.

9- Jorgeson, J. and Julien, P., 2005. Peak flow forecasting with radar precipitation and the distributed
model CASC2D. Water International, 30(1), pp.40-49.

10- Jin, X., Xu, C.Y., Zhang, Q. and Singh, V.P., 2010. Parameter and modeling uncertainty simulated
by GLUE and a formal Bayesian method for a conceptual hydrological model. Journal of
Hydrology, 383(3-4), pp.147-155.

11- Kingston, D.G. and Taylor, R.G., 2010. Sources of uncertainty in climate change impacts on river
discharge and groundwater in a headwater catchment of the Upper Nile Basin, Uganda. Hydrology
and Earth System Sciences, 14(7), p.1297.

12- Kuczera, G. and Parent, E., 1998. Monte Carlo assessment of parameter uncertainty in conceptual
catchment models: the Metropolis algorithm. Journal of Hydrology, 211(1-4), pp.69-85.

13- Mantovan, P. and Todini, E., 2006. Hydrological forecasting uncertainty assessment: Incoherence
of the GLUE methodology. Journal of Hydrology, 330(1-2), pp.368-381.

14- Marshall, L., Nott, D. and Sharma, A., 2004. A comparative study of Markov chain Monte Carlo
methods for conceptual rainfall-runoff modeling. Water Resources Research, 40, W02501.

15- Metropolis, N., Rosenbluth, A.W., Rosenbluth, M.N., Teller, A.H. and Teller, E., 1953. Equation of
state calculations by fast computing machines. The Journal of Chemical Physics, 21(6), pp.1087-
1092.

16- Montanari, A., 2005. Large sample behaviors of the generalized likelihood uncertainty estimation
(GLUE) in assessing the uncertainty of rainfall-runoff simulations. Water Resources Research, 41(8).

17- Moradkhani, H., Hsu, K.L., Gupta, H. and Sorooshian, S., 2005. Uncertainty assessment of
hydrologic model states and parameters: Sequential data assimilation using the particle filter. Water
Resources Research, 41(5), (In Persian).

18- Nash, J.E. and Sutcliffe, J.V., 1970. River flow forecasting through conceptual models, Part I. A
discussion of principles. Journal of Hydrology. 10: 282-290.

19- Sorooshian, S. and Dracup, J.A., 1980. Stochastic parameter estimation procedures for hydrologie
rainfall-runoff models: Correlated and heteroscedastic error cases. Water Resources Research, 16(2),
pp.430-442.

20- Stedinger, J.R., Vogel, R.M., Lee, S.U. and Batchelder, R., 2008. Appraisal of the generalized
likelihood uncertainty estimation (GLUE) method. Water Resources Research, 44(12).

21- Vazquez, R.F., Beven, K. and Feyen, J., 2009. GLUE based assessment on the overall predictions of
a MIKE SHE application. Water Resources Management, 23(7), pp.1325-1349.



\YY¥
DOI:10.22055/JISE.2018.14179.1106 e AT il 53 Conl e o 1 s e 3 0315 S|

22- Vrugt, J.A., Gupta, H.V., Dekker, S.C., Sorooshian, S., Wagener, T. and Bouten, W., 2006.
Application of stochastic parameter optimization to the Sacramento soil moisture accounting
model. Journal of Hydrology, 325(1-4), pp.288-307.

23- Xu, C.Y., 2001. Statistical analysis of parameters and residuals of a conceptual water balance
model-methodology and case study. Water Resources Management, 15(2), pp.75-92.

24- Xu, H., Taylor, R.G. and Xu, Y., 2011. Quantifying uncertainty in the impacts of climate change on
river discharge in sub-catchments of the Yangtze and Yellow River Basins, China, Hydrology and Earth
System Sciences, 15(1), pp.333-344.

25- Zacharias, 1., Dimitriou, E. and Koussouris, T., 2005. Integrated water management scenarios for
wetland protection: application in Trichonis Lake. Environmental Modelling & Software, 20(2),
pp.177-185.



	15-545
	16-545

