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[1] Watershed-scale water quality models involve substantial uncertainty in model output
because of sparse water quality observations and other sources of uncertainty.
Assessing the uncertainty is very important for those who use the models to support
management decision making. Systematic uncertainty analysis for these models has rarely
been done and remains a major challenge. This study aimed (1) to develop a framework to
characterize all important sources of uncertainty and their interactions in management-
oriented watershed modeling, (2) to apply the generalized likelihood uncertainty
estimation (GLUE) approach for quantifying simulation uncertainty for complex
watershed models, and (3) to investigate the influence of subjective choices (especially the
likelihood measure) in a GLUE analysis, as well as the availability of observational
data, on the outcome of the uncertainty analysis. A two-stage framework was first
established as the basis for uncertainty assessment and probabilistic decision-making.
A watershed model (watershed analysis risk management framework (WARMF)) was
implemented using data from the Santa Clara River Watershed in southern California. A
typical catchment was constructed on which a series of experiments was conducted. The
results show that GLUE can be implemented with affordable computational cost,
yielding insights into the model behavior. However, in complex watershed water quality
modeling, the uncertainty results highly depend on the subjective choices made by the
modeler as well as the availability of observational data. The importance of considering
management concerns in the uncertainty estimation was also demonstrated. Overall,
this study establishes guidance for uncertainty assessment in management-oriented
watershed modeling. The study results have suggested future efforts we could make in a
GLUE-based uncertainty analysis, which has led to the development of a new method, as
will be introduced in a companion paper. Eventually, the study should assist in the
development of a new generation of watershed water quality models.
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1. Introduction

[2] Managing nonpoint sources of pollution at the water-
shed scale is a major global issue. Increasingly, watershed-
scale water quality models, such as HSPF [e.g., Bicknell et
al., 2001], SWAT [e.g., Neitsch et al., 2001] and watershed
analysis risk management framework (WARMF) [Chen et
al., 1996, 1999, 2004; Keller et al., 2004], are being used to
assist in managing watershed nonpoint sources of pollution.
Although these physically based models include consider-
able hydrologic, biogeochemical, spatial and temporal
complexity, their simulations are subject to significant
uncertainty. Nevertheless, the output of these complex

models is valuable for many reasons: (1) the temporal
pattern of water quality parameters, such as long-term
trends and critical timing of concentration spikes, can be
adequately simulated and can lead to better management
decisions and practices; (2) the spatial distribution of critical
areas can be discerned to develop better monitoring pro-
grams and target management actions; and (3) comparison
between different scenarios can generate valuable informa-
tion for management, even though there is uncertainty about
specific scenario values.
[3] Systematic uncertainty assessment would be very

useful for those who implement these models and/or depend
on the output of these models to make decisions. For
example, while these models have been applied in total
maximum daily load (TMDL) calculations to support deci-
sion making, the unaddressed estimation of uncertainty
often leads to indefensible decisions with regards to the
margin of safety for the TMDL. However, a process for
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conducting an uncertainty analysis for these models has not
been adequately addressed by previous studies. In addition,
the role of the management objectives is largely overlooked
in most uncertainty assessments. These critical issues mo-
tivated this study.
[4] There have been several studies [e.g., Beck, 1987;

Craig et al., 2001; Kennedy and O’Hagan, 2001] classify-
ing sources of uncertainty in the modeling process from
different perspectives. However, for watershed water quality
modeling which involves significant temporal and spatial
variability and requires a large amount of input data, the
results of these studies cannot be directly applied. Also, the
consideration of management concerns in the modeling
process was not discussed in these studies. In section 2 of
this paper, we first introduce a framework for assessing the
sources of uncertainty involved in a management-oriented
watershed modeling process. This framework constitutes
the basis for implementing appropriate techniques to con-
duct an uncertainty analysis of a watershed model, as well
as for evaluating probabilistic management decisions.
[5] A number of general methods for uncertainty analysis

are available, including Taylor expansion-basedmethods [e.g.,
Naji et al., 1998], Rosenblueth’s method [e.g., Rosenblueth,
1975], stochastic response surface (SRS) methods [e.g.,
Cryer and Applequist, 2003a, 2003b], Karhunen-Loeve
moment equation (KLME) approach [e.g., Chen et al.,
2005, 2006] and Monte Carlo (MC) based methods [e.g.,
Helton, 1993]. Although computationally intensive, MC-
based methods are considered to be the most applicable for
complex watershed models. The feasibility of other methods
significantly decreases because of the nonlinearity, discon-
tinuity, analytical intractability and complicated parameter
interactions within the watershed models. One of the few
studies that applied MC-based uncertainty analysis for a
watershed water quality model (SWAT) was done by
Sohrabi et al. [2003]. However, only model parameter
uncertainty was addressed in the study, which is a common
limitation of most uncertainty studies. For watershed
modeling where uncertainty from other sources is substantial,
an analysis of global uncertainty is necessary.
[6] Different strategies have been developed, mostly with

regards to hydrology, to deal with global uncertainty within
an MC framework. The first category of strategies includes
calibration-based methods such as Bayesian recursive esti-
mation (BaRE) [Thiemann et al., 2001]. Such methods
model a lumped error term explicitly and search for an
optimal parameter set, using MC simulation. Multiobjective
approaches such as multiobjective complex evolution
(MOCOM-UA) [Yapo et al., 1998] and multiobjective
calibration iterative procedure (MCIP) [Demarty et al.,
2005], are in the second category. These methods pursue
a small set of Pareto optimal parameter sets, instead of one
single optimum, through calibration/optimization. Error
terms are implicitly treated. The third category, represented
by the generalized likelihood uncertainty estimation
(GLUE) method [Beven and Binley, 1992], replaces the
calibration/optimization ideology with acceptance of the
existence of many behavioral (i.e., acceptable with regard
to a given criterion) parameter sets. Error terms are also
implicitly considered in GLUE. The GLUE approach has
been applied to a variety of models up to a medium level of
complexity [e.g., Freer et al., 1996; Franks and Beven,

1997; Schulz et al., 1999; Zak and Beven, 1999; Page et al.,
2003; Romanowicz and Beven, 2003; Mertens et al., 2004].
A brief discussion about the GLUE approach is provided in
section 3.
[7] This paper is a detailed discussion on the application

of GLUE to complex watershed models within the man-
agement context. There are several reasons for selecting
GLUE. First, GLUE accounts for all sources of uncertainty,
either explicitly or implicitly. Second, GLUE is conceptu-
ally simple, and requires no restricted error assumptions if a
goodness-of-fit measure is used as its likelihood function.
Third, GLUE is less vulnerable to model discontinuity since
no optimum searching is necessary. Finally, compared to
multiobjective approaches, GLUE’s uncertainty bounds are
more likely to reflect the real magnitude of uncertainty,
since GLUE identifies many nonoptimal simulations that
yet conform to the observations to certain degree. We have
seen only one study [Muleta and Nicklow, 2005] using
GLUE for a watershed water quality model (SWAT).
Twelve uncertain parameters were considered in the GLUE
analysis for streamflow simulation, and eight for sediment
simulation. Nevertheless, the study is a straightforward
application of GLUE. The dependence of uncertainty results
on subjective choices (e.g., likelihood measures, behavioral
criteria, etc.) made by modelers was not examined, and the
implication of such dependence for water quality manage-
ment was not discussed.
[8] For this study, WARMF was used as an example of a

complex watershed model. Pesticide (diazinon) concentra-
tion was the output variable studied. On the basis of the
results of a previous sensitivity analysis (A. A. Keller and
Y. Zheng, Uncertainty and variability in the source terms of a
TMDL calculation: 1. Point sources, submitted to Journal of
the AmericanWater Resources Association, 2006, hereinafter
referred to as Keller and Zheng, submitted manuscript,
2006a), 39 catchment, river reach or general parameters were
taken into account in the uncertainty analysis. A series of
GLUE experiments were carried out on a typical catchment
of the Santa Clara River in California, as a case study.
[9] It should be made clear that the GLUE approach does

not impose any restrictions on likelihood measures or the
conditions for conducting the analysis. However, there are
some goodness-of-fit measures that have been traditionally
used as likelihood measures, and the modeler must make
some decisions on certain conditions for the analysis, such
as the number of runs, the criteria for deciding simulations
that are behavioral, etc. In this manuscript the goal was to
implement GLUE following the traditional likelihood meas-
ures used in several previous studies, and to evaluate the
effect of various conditions on the uncertainty analysis.
Thus this study is not an evaluation of the GLUE approach
in general; we evaluate the traditional approach used in
specific GLUE analysis, which for the most part have
focused on hydrologic modeling rather than water quality
modeling.
[10] The main objectives of this study were to (1) develop

a framework to characterize the sources of uncertainty and
their interactions in management-oriented watershed
modeling; (2) apply the GLUE approach for quantifying
simulation uncertainty for complex watershed models;
(3) investigate the influence of subjective choices (especially
the likelihood measure) in a specific GLUE analysis, as well

2 of 13

W08407 ZHENG AND KELLER: UNCERTAINTY ASSESSMENT, 1 W08407























Gupta, H. V., S. Sorooshian, and P. O. Yapo (1998), Toward improved
calibration of hydrologic models: Multiple and noncommensurable mea-
sures of information,Water Resour. Res., 34� ��� � �
��

Harrison, L., M. Jackson, G. Pettifor, L. Purpus, J. Splenda, S. White,
J. Frew, and A. A. Keller (2005), Evaluation of the impact of and
management strategies for diazinon and chlorpyrifos in Newport Bay,
paper presented at California and the World Ocean ‘02, Am. Soc. Civ.
Eng., Reston, Va.

Helton, J. C. (1993), Uncertainty and sensitivity analysis techniques for use
in performance assessment for radioactive-waste disposal,Reliab. Eng.
Syst. Safety, 42� �	� � �
��

Iman, P. L., and J. C. Helton (1985), A comparison of uncertainty and
sensitivity analysis techniques for computer models,Rep. NUREG/CR-
3904, Sandia Natl. Lab., Albuquerque, N. M.

Keller, A. A., Y. Zheng, and T. H. Robinson (2004), Determining critical
water quality conditions for inorganic nitrogen in dry semi-urbanized
watersheds,J. Am. Water Res. Assoc., 40� �	� � ����

Kennedy, M. C., and A. O’Hagan (2001), Bayesian calibration of computer
models,J. R. Stat. Soc. B, Part 3, 63� �	� � �
��

Mertens, J., H. Madsen, L. Feyen, D. Jacques, and J. Feyen (2004), Includ-
ing prior information in the estimation of effective soil parameters in
unsaturated zone modeling,J. Hydrol., 294� 	�� � 	
��

Meyer, L. D., and W. H. Wischmeier (1969), Mathematical simulation of
the processes of soil erosion by water,Trans. ASAE, 12� ��� � ����

Montanari, A. (2005), Large sample behaviors of the generalized likelihood
uncertainty estimation (GLUE) in assessing the uncertainty of rainfall-
runoff simulations,Water Resour. Res., 41� 
����
� ���������	��
	���
�����	
�

Muleta, M. K., and J. W. Nicklow (2005), Sensitivity and uncertainty
analysis coupled with automatic calibration for a distributed watershed
model,J. Hydrol., 306� �	� � ����

Naji, A., A. H. D. Cheng, and D. Ouazar (1998), Analytical stochastic
solutions of saltwater/freshwater interface in coastal aquifers,Stochastic
Hydrol. Hydraul., 12� ��� � ����

Neitsch, S. L., J. G. Arnold, J. R. Kiniry, and J. R. Williams (2001), Soil
and water assessment tool: User’s manual 2000, Grassland Soil and
Water Res. Lab. Agric. Res. Serv., Temple, Tex.

Noordwijk, M. V., B. Lusiana, and N. Khasanah (2004), WaNuLCAS ver-
sion 3.1, background on a model of water nutrient and light capture in
agroforestry systems, report, Int. Cent. for Res. in Agrofor., Bogor,
Indonesia.

Page, T., K. J. Beven, J. Freer, and A. Jenkins (2003), Investigating the
uncertainty in predicting responses to atmospheric deposition using the
model of acidification of groundwater in catchments (MAGIC) within a
generalised likelihood uncertainty estimation (GLUE) framework,Water
Air Soil Pollut., 142� �� � ���

Reckhow, K. H., G. B. Arhonditsis, M. A. Kenney, L. Hauser, J. Tribo,
C. Wu, K. J. Elcock, L. J. Steinberg, C. A. Stow, and S. J. Mcbride (2005),
A predictive approach to nutrient criteria,Environ. Sci. Technol., 39�
	��� � 	����

Romanowicz, R., and K. J. Beven (2003), Estimation of flood inundation
probabilities as conditioned on event inundation maps,Water Resour.
Res., 39���� ����� ���������	��	���
������
�

Rose, K. A., A. L. Brenkert, R. B. Cook, R. H. Gardner, and J. P. Hettelingh
(1991), Systematic comparison of ILWAS, MAGIC, and ETD watershed
acidification models II: Monte-Carlo analysis under regional variability,
Water Resour. Res., 27� 	��� � 	
���

Rosenblueth, E. (1975), Point estimates for probability moments,Proc.
Natl. Acad. Sci. U. S. A., 72� ���	 � �����

Rossman, L. A. (2005), Storm water management model user’s manual,
version 5.0,Rep. EPA/600/R-05/040, Water Supply and Water Resour.
Div., Natl. Risk Manage. Res. Lab., Cincinnati, Ohio.

Santa Ana Regional Water Quality Control Board (2003), Diazinon and
chlorpyrifos TMDL: Upper Newport Bay and San Diego Creek, report,
Riverside, Calif.

Schulz, K., K. J. Beven, and B. Huwe (1999), Equifinality and the problem
of robust calibration in nitrogen budget simulations,Soil Sci. Soc. Am. J.,
63� ���� � �����

Siepmann, S., and B. Findlayson (2000), Water quality criteria for diazinon
and chorpyrifos,Admin. Rep. 00-3, Calif. Dep. of Fish and Game,
Rancho Cordova.

Sohrabi, T. M., A. Shirmohammadi, T. W. Chu, H. Montas, and A. P.
Nejadhashemi (2003), Uncertainty analysis of hydrologic and water qual-
ity predictions for a small watershed using SWAT2000,Environ. Foren-
sics, 4� 		� � 	���

Systech Engineering (2001), Watershed analysis risk management frame-
work (WARMF): Update one: A decision support system for watershed
analysis and total maximum daily load calculation, allocation and im-
plementation,Rep. 1005181, EPRI, Palo Alto, Calif.

Thiemann, M., M. Trosset, H. Gupta, and S. Sorooshian (2001), Bayesian
recursive parameter estimation for hydrologic models,Water Resour.
Res., 37� 	�	� � 	����

Yapo, P. O., H. V. Gupta, and S. Sorooshian (1998), Multi-objective global
optimization for hydrologic models,J. Hydrol., 204� �� � ���

Zak, S., and K. J. Beven (1999), Equifinality, sensitivity and uncertainty in
the estimation of critical loads,Sci. Total Environ., 236� ��� � 	���

Zheng, Y., and A. A. Keller (2006), Understanding parameter sensitivity
and its management implications in watershed-scale water quality mod-
eling, Water Resour. Res., 42� 
����	� ���������	��	���
��������

Zheng, Y., and A. A. Keller (2007), Uncertainty assessment in watershed-
scale water quality modeling and management: 2. Management objec-
tives constrained analysis of uncertainty,Water Resour. Res.,
doi:10.1029/2005WR005346, in press.

� � � � � � � � � � � � � � � � � � � � � � � � � � ��
A. A. Keller and Y. Zheng, Bren School of Environmental Science and

Management, University of California, 3420 Bren Hall, Santa Barbara, CA
93106-5131, USA.

W08407 ZHENG AND KELLER: UNCERTAINTY ASSESSMENT, 1

13 of 13

W08407


