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Abstract. In this study, a methodology has been developedmethods have been developed to propagate the uncertainty
to emulate a time consuming Monte Carlo (MC) simulation through the hydrological models and to derive meaningful
by using an Artificial Neural Network (ANN) for the assess- uncertainty bounds of the model simulations. These meth-
ment of model parametric uncertainty. First, MC simulation ods range from analytical and approximation methods (see,
of a given process model is run. Then an ANN is trained toe.g., Tung 1996 Melching 1992 to Bayesian and Monte
approximate the functional relationships between the inputCarlo (MC) sampling based methods (eKugczera and Par-
variables of the process model and the synthetic uncertaintgnt 1998 Beven and Binley1992 Vrugt et al, 2003 Thie-
descriptors estimated from the MC realizations. The trainedmann et al.2001), methods based on the analysis of model
ANN model encapsulates the underlying characteristics oferrors (e.g.Montanari and Brath2004 Shrestha and Solo-
the parameter uncertainty and can be used to predict uncemating 2008 Solomatine and Shresth2009, and methods
tainty descriptors for the new data vectors. This approactbased on fuzzy set theory (see, eMaskey et al. 2004).
was validated by comparing the uncertainty descriptors in thelThe majority of these methods deal only with a single source
verification data set with those obtained by the MC simula-of uncertainty and consider model uncertainty to be mostly
tion. The method is applied to estimate the parameter unproduced by parameter uncertainty assuming that the model
certainty of a lumped conceptual hydrological model, HBV, structure is correct and the input data is free from errors.
for the Brue catchment in the United Kingdom. The results Only recently new techniques have been emerging such as
are quite promising as the prediction intervals estimated bydata assimilation techniquegrigt et al, 2005 Moradkhani
the ANN are reasonably accurate. The proposed techniquest al, 2009, multi model averaging techniques (see, e.g.,
could be useful in real time applications when it is not prac- Ajami et al, 2007 Vrugt and Robinsoy2007 Georgakakos
ticable to run a large number of simulations for complex hy- et al, 2004, Bayesian approache&dvetski et al. 2006
drological models and when the forecast lead time is veryKuczera et al. 2006, and efficient Markov chain Monte
short. Carlo (MCMC) techniquesHaario et al.2006 Vrugt et al,
2008 to explicitly treat two or more sources of uncertainty
such as input, parameter and structure uncertainty.

MC simulation technique is a widely used method for
uncertainty analysis in hydrological modelling and allows

The uncertainty analysis of hydrological models in recentthe quantification of the model output uncertainty result-

years received special attention. Several uncertainty analysi§d from uncertain model parameters, input data or model
structure. The approach involves random sampling from the

distributions of the uncertain inputs and the model is run
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(d.shrestha@unesco-ihe.org) tion of outputs is obtained. The main advantage of the MC
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simulation based uncertainty analysis is its general applicamann et al.2002. A number of research studies have been
bility; however, methods of this type require a large num- conducted to reduce the number of MC simulation runs ef-
ber of samples (or model runs), so their applicability may fectively, for instance, Latin Hypercube sampling (see, e.g.,
be limited to simple models. In the case of computationallyMcKay et al, 1979, and, more recently, the delayed re-
intensive models, the time and resources required by thesgction adaptive Metropolis methodHéario et al. 2006,
methods could be prohibitively expensive. and the differential evolution adaptive Metropolis method,
A version of the MC simulation method was introduced DREAM (Vrugt et al, 2008. In these Metropolis algorithm-
under the term “generalised likelihood uncertainty estima-based uncertainty analysis methods, the comparison of the
tion” (GLUE) by Beven and Binley(1992. GLUE is one  statistics of multiple sample chains in parallel would provide
of the popular methods for analysing parameter uncertaintya formal solution to assess how many model runs are required
in hydrological modelling and has been widely used overto reach convergence and obtain stable statistics of the model
the past ten years to analyse and estimate predictive ursutput and parameters. In spite of the improved efficiency
certainty, particularly in hydrological applications (see, e.g.,of the MC methods, it is well recognized that traditional MC
Freer et al.1996 Beven and FreeR001, Montanarj 2005. based simulation still lacks a well-established convergence
Users of GLUE are attracted by its simple understandablecriterion to terminate the simulations at a desired level of ac-
ideas, relative ease of implementation and use, and its abilitguracy (e.g.Ballio and Guadagnin2004).
to handle different error structures and models without ma- We propose to use artificial neural networks (ANNs) to
jor modifications to the method itself. Despite its popular- emulate the uncertainty of a model output (this latter model
ity, there are theoretical and practical issues related with thevill be further referred ag/). The idea of using statistical
GLUE method as is reported in the literature. For instanceand, in general, machine learning models, to improve model
Mantovan and Todinf2006 argue that GLUE is inconsistent accuracy is not new. Typically, information about model er-
with the Bayesian inference processes such that it leads toors is used to train data-driven error correct@xbgbe and
an overestimation of uncertainty, both for the parameter andPrice 2004 or to build more sophisticated data-driven mod-
the predictive uncertainty estimation. For issues regardingels of model uncertaintyShrestha and Solomating2006
inconsistency and other criteria, readers are referred to the008. In this study, we extend this idea towards building a
citation above and the subsequent discussions in the Journatodel (referred to a¥) encapsulating the information about
of Hydrology in 2007 and 2008. A practical problem with the realizations of the process (e.g., hydrological) madel
the GLUE method is that, for models with a large number output generated by the MC simulations. Instead of predict-
of parameters, the sample size from the respective parametarg a single value of the model error, as done in the most
distributions must be very large in order to achieve a reliableerror correction procedures, we aim to predict the distribu-
estimate of model uncertaintiei{czera and Parent998. tion of the output ofM generated by the MC based simu-
In order to reduce the number of samples (i.e., model runsjations. Thus, the method allows one to predict the uncer-
a surrogate model of the model response surface can be againty bounds of the modeé¥l prediction without re-running
plied (see, e.gkhu and Werner2003. Blasone et ali2008 the MC simulations when newly observed input data is fed
used adaptive MCMC sampling within the GLUE methodol- into M, while the MC based uncertainty analysis methods
ogy to improve the sampling of the high probability density require a fresh set of the MC runs for each analysis. For in-
region of the parameter space. Another practical issue is thadtance, GLUE will typically require a fresh set of the MC
in many cases the percentage of observations falling withirruns from the behavioural models to produce the prediction
the prediction limits provided by GLUE is much lower than intervals (Pls) of the model output for each time step with the
the given confidence level used to produce these predictiomew data input.
limits (see, e.g.Montanarj 2005. Xiong and O’Connor The proposed technique to emulate the complex model
(2008 modified the GLUE method to improve the efficiency by a simple model is an example of surrogate modelling, or
of the GLUE prediction limits in enveloping the observed meta-modelling - an approach widely used when running the
discharge. complex model could be computationally expensive. For ex-
The MC based method for uncertainty analysis of the out-ample,0’'Hagan(2006 used the Gaussian process emulator
puts of hydrological models is very flexible, conceptually to emulate a complex simulation modél. et al. (2006 in-
simple and straightforward, but becomes impractical in realtroduced an approach to meta-modelling whereby a sequen-
time applications when there is little time to perform the tial technique is used to construct and simultaneously update
uncertainty analysis because of the large number of modemutually dependent meta-models for multi-response, high-
runs required. For such situations alternative approximadfidelity deterministic simulations.Young and Rattq2008
tion methods have been developed, and referred to as m@roposed a dynamic emulation model to emulate a complex
ment propagation techniques, which are able to calculate dihigh order model by a low order data based mechanistic
rectly the first and second moments without the applicationmodel. The novelty of our approach can be described as:
of an MC simulation (see, e.gRosenblueth1981; Harr,
1989 Protopapas and Brag99Q Melching 1995 Kunst-
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1. Our method explicitly builds an emulator of the MC and Dandy(2000, andDawson and Wilby2003). In this pa-
uncertainty results rather than of a single simulation per, however, ANNs are not used for hydrological prediction,
model. but to encapsulate the data generated by MC simulations.

2. Our emulator is based on a machine learning technique,
while other techniques are Bayesian (e@Hagan 3 Methodology
20006, use non-linear differential equations (e.g., th

e .
data based mechanistic modeMafung, 1998. 3.1 Basicidea

There are a number of assumptions to consider. First, we

In this study, we consider only parameter uncertainty of j55me that the uncertainty of a hydrological model output
the process model and employ the GLUE method to analySgjenends on the forcing input data and the model states (e.g.,
it. Itis worthwhile to note that our method can be used With y4inta) antecedent rainfall, soil moisture etc.). We also as-

other gncertainty analysis method_s and can be applied fo§ume that the uncertainty associated with the prediction of
analysing other sources of uncertainty as well. The approachyq yqrological variables, e.g. runoff, has similar magnitude

Is tested on estimating two quantiles of the MC realizationsg, - gimijlar hydrological conditions. By the hydrological con-
of the process model. Thus, the model parameter uncertaintjsjons we understand here the combination of the state of
is measured by only two quantiles of the probability distribu- \he jnput data and the state variables, which are forcing or
tion that constitutes the Pls of the model output correspond-driving the generation of the runoff in the catchment. For
mg_to some confidence level (e.g. 99%)' Thg HBV_ hydro- example, one can see that, compared to the low flows, it is
logical model of the Brue catchment in the United Kingdom e giifficult to predict extreme events such as peak flows.

is used as a case study. An ANN is used as a surrogate modelonsequently, uncertainty of the prediction of the peak flow
to estimate the Pls of the HBV model outputs. is higher compared to those for low flows.

Instead of building a model of the error in the process
model output, as it is done in the most of the error updating
procedures (e.gAbebe and Price2003, in the presented
. . . approach a predictive model for the parameters of the distri-
ANN is a popular technique used to discover a deFJenOIenC¥)ution of the process model output is built (this distribution is

bet\{\llesln |(;1puts and doutputs of da phys(ljcarll s3|/<stem from t? enerated by the MC simulations). Thus, our method allows
available data. By data we understand the known sample r predicting the uncertainty bounds of the model prediction

combinations of inputs and corresponding outputs. As such d ..o+ running the MC simulations in a real time applica-

dependency (‘model") is discovered, it can be used to preoIiCEion. Indeed, MC simulations are emulated by ANN models.
the future system’s outputs from the known input values.

ANNs have been extensively used in hydrological mod-3.2 Definition of the process modeM
elling in past ten years, particularly in rainfall-runoff mod-
elling (Minns and Hall 1996 Dawson and Wilby 2001 Consider a deterministic mod# of a real world system pre-
Abrahart and See200Q Govindaraju and Rgo2000. dicting a system output variablegiven the input data vector
Apart from ANN, other machine learning techniques havex, the initial condition of the state variables and the vec-
been also used: for example, fuzzy rules based system®r of the parameter8. The modelM could be physically
(Vernieuwe et aJ.2005 Jacquin and Shamseldi®00§ Klir based, conceptual, or even data driven. In this paper we as-
and Yuan 1996, model trees$olomatine and Dulak003), sumed the mode¥ is a conceptual hydrological model. The
and support vector machind3ibike et al, 2001). However,  system response can be represented by:
the application of such techniques to estimate the uncertainty
of physically based or data-driven hydrological models isy = M(x,s,0) +&e=3+¢ (1)
very limited. Abebe and Pric€2004 used an ANN to fore- )
cast the surge prediction accuracy along the Dutch coast i¥/Neree is the the model error between the observed response
North Sea. Shrestha and Solomatifg00§ used machine Y @nd the corresponding model respofiseBefore running
learning techniques to estimate non-parametric uncertaint® model, the components of the model, i.e. input dafa
of river flow forecasting by an ANN and other machine learn- Initial conditionss,, parameters vectérand the model struc-
ing techniques in the Sieve river basin, Itaghrestha and ture, |tsAeIf have to be spe_(:lfled, while the output or model re-
Solomating2008 andSolomatine and Shrest2009 used ~ SPONS& and the state variableare computed by running the

machine learning techniques to estimate uncertainty of thd"0del- These components may be uncertain in various ways
simulated river flows by a conceptual rainfall-runoff model to t© Various degrees; the consequences of these uncertainties

various case studies. More information about ANNs can beVill be propagated into the model states and the outputs. In
found inBishop(1995 andHaykin (1999, and the overview this paper, hqwever,'only uncertainty associated with param-
of ANN applications within hydrology can be foundlfaier ~ €l€rs vectod is considered.

2 Main application of ANN in hydrological modelling
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3.3 Monte Carlo simulation

The MC simulation is performed by running the hydrological
model M multiple times either changing the input datar

D. L. Shrestha et al.: A novel approach to parameter uncertainty analysis

where Pf is the distance between the model output and the
lower prediction limit, PY is the distance between the model
output and the upper prediction limit. Followirghrestha
and Solomatin¢2006, PI* and PV represent the lower and

the parameters vectors or even the structure of the mOdebpper PI, respective|y (a|though these are not intervals but
or a combination of them. In this paper we assume that thejistances).

model structure and the input data are certain (correct), so

mathematically this can be expressed as:

Si=M.0); t=12..n i=12 .5 )

where¥; is the set of parameters sampled for tHerun of
the MC simulation,y, ; is the model output of the” time
step for the’” run, n is the number of time steps amds the
number of simulations.

3.4 Estimation of the prediction interval

3.5 ANN modelsV for estimation of prediction intervals

To build the modelv that maps the input data and the state
variables to the Pls of the model output that is generated
by the MC simulations, an ANN will be used. Experience
suggests that the model residuals (errors) may show a non-
stationary bias, variance, skewness and autocorrelation over
one or more time step8éven and Free2007). This char-
acteristic of the model output distribution motivates us to
build a non-linear regression (ANN) model to approximate

The statistical properties (such as moments and quantiles) dfot only the mean and the variance, but also the prediction

the model output for each time stepre estimated from the
realizationsy, ;. One way to judge the uncertainty of the

interval of the output.
The modelvV encapsulating the functional relationship be-

model output is to use the error variance: a large variance ofween the input data and the lower and upper Pl takes the

the model error typically indicates that the model prediction

is uncertain. In most cases, however, the variance does N _

sufficiently describe the uncertainty, and more informative
quantities such as prediction intervals are used.

A prediction interval (PI) is comprised of upper and lower
limits between which a future unknown value is expected to
lie with the prescribed probability. These limits are typically
the quantiles of the model output distribution. In each sim-
ulation, the model output is given a different weight (to be

form:

Vi(Xy)+é&L, PIYV=Vy(Xy)+éu )

where Pf and PV are the lower and upper Pl computed
from the MC simulations datay,(Xy) and Vy(Xy) are
lower and upper Pl estimated by ANK;, &y are the resid-
ual error in estimating the lower and upper PI, respectively.
Model V, after being trained, encapsulates the underlying
dynamics of the uncertainty descriptors (in this case lower

defined later), so a quantile can be found using the followingand upper PI) of the MC simulations and maps the input

equation:

N

PG < Q(p) =Y wildri < Q(p)

i=1

3)

where,y; is the model output at time stepy; ;, is the value

of model outputs at time simulated by the mode¥ (x, 6;)

at simulationi, Q(p) is p™ [0, 1] quantile,w; is the weight
given to the model output at simulationQuantiles obtained

in this way are conditioned on the inputs to the model, the
model structure, and the weight vectof. In the GLUE
method,w; is the likelihood weight (see Sect. 4.4).

In order to compute the PI of the model simulation
for the given confidence level (O<a<1), two quantiles
(1—a)/2*100% and (#«)/2*100% are estimated from the
y:.i- These two quantiles will be called the lower prediction
limit PLZ and the upper prediction limit PL:

O(p) = PLE, 4)
O(p) = PLY, (5)

The Pl is apportioned into two parts given the outpuaf
the calibrated (optimal) model as:

where p = (1 —w)/2
where p = (14+)/2

Pt =35 —PLL, PIV=PLY -3 (6)
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data to these descriptors. The modelcan be of various
types, from linear to non-linear regression models such as
an ANN. The choice of model depends on the complexity
of the problem to be handled, and the availability of data.
Once the modeV is trained on the calibration data, it can
be employed to estimate the uncertainty descriptors such as
Pls for the new input data vector that was not used in any of
the model building process. Once thé"Rind P are esti-
mated, the prediction limits of the model output is given by
rearranging Eq.q):

PLE =35 — Vi(Xy), PLY =54+ Vy(Xy) ®)

3.6 Selection of the input variables for modelV

In order to train the modeV, data setXy should be con-
structed on the basis of the sBt={x;, y;}, t=1,2, ..., n,
(where,x, is the input data vector, is the observed data,

n is the number of data) of the hydrological model. Since the
natures of modelds andV are different, in most cases for
choosing the relevant input variables 6y additional anal-
ysis of relationships between the Pls and the variables consti-
tuting D is needed. Such analysis is typically based on corre-
lation and average mutual information (AMI). While corre-
lation analysis is used to find the linear relationship between

www.hydrol-earth-syst-sci.net/13/1235/2009/
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the variables, mutual information analysis is used to deter-
mine linear or non-linear the dependencies between the vari-
ables. The mutual information is a measure of information
available from one set of data having knowledge of another
set of data. The average mutual information AMigser and
Swinney 1986 between two variableX andY is given by

140000

o
Pxy (xi, ¥)) } 2 e
AMI =) Pyy(x;, yj)log, | ———=2_ 9 S
; Xy (X YJ) gz[Px(Xi)Py(yj) ( ) ® :_EE & I
i . i [/m5 Elevation
wherePyx (x) and Py (y) are the marginal probability density S ; metres

h |

functions ofX andY, respectively, an®xy (x, y) is the joint
probability density functions ok andY. A high value of
the AMI would indicate a strong dependence between two 365000 365'000 370'000 375:00
variables.

For example, if the ,mOdeM IS a, conceptual hydrOIOg'_' Fig. 1. The Brue catchment showing dense rain gauges network
cal model, it would typically use rainfall and evapotranspira- eproduced fronshrestha and Solomati2008 with permission
tion as input variables to simulate the output variable runoff.from the International Association for Hydraulic Research). The
However, the uncertainty mod# whose aim is to predict horizontal and vertical axes refer to the easting and northing in
the probability distribution of the MC simulations will be British national grid reference co-ordinates.
trained with the possible combination of the lagged variables
(i.e. past values) of rainfall and evapotranspiration or effec- S - Snow
tive rainfall and runoff. It is worthwhile to mention that the Q RF - Rain
input data structure may not be the same for the mowéls o o Crapaanspiraton
andVV of the lower and upper PI, respectively.

A Flow gauge
~~Rivers

130000

@ Rain gauge . 288
2

IN = Infiltration

R - Recharge

SM - Soil moisture

CFLUX - Capillary transport

UZ = Storage in upper reservair

PERC = Percolation

LZ - Storage in lower reservoir

Qo = Fast runoff component
Qo Q1 = Slow runoff component
Q- Total runcff

3.7 Models performance indicators
5P

The uncertainty modeV can be validated in two ways: a) sm
by measuring its predictive capability; and b) by measuring
the statistics of the uncertainty. The former approach mea- ,
sures the accuracy of uncertainty models in approximating
the quantiles of the probability distribution of the model out-
put generated by the MC simulations. The latter approach“?

C=00+01
i N
function
measures the goodness of the uncertainty models as uncer-

tainty estimators. o Fig. 2. Schematic representation of the HBV model with routines
Two performance measures such as the coefficient of cortor snow, soil and runoff response (reproduced frshrestha and

relation, CoC and the root mean squared error, RMSE ar&olomating2008 with permission from the International Associa-
used to measure the predictive capability of the uncertaintytion for Hydraulic Research).
model. Beside these numerical measures, the graphical plots
such as scatter and hydrograph plot of the quantile of the
model output obtained from the MC simulation and their pre-  The MPI estimates the average width of the Pls and gives
dicted values can be analysed to judge the accuracy of than indication of how high is the uncertainty:
predictive uncertainty modéf (in this study ANN model). ;

The goodness of the unce_rtalnty models is evalqat.ed t_)ase,glpl _ } Z(PL[U _ PLtL) (11)
on uncertainty measures using the so-called prediction inter- n—
val coverage probability, PICP and the mean prediction inter-
val, MPI (Shrestha and Solomatin200§. The PICP mea- Theoretically, the value of PICP should be close to the pre-
sures the probability that the observed values lie within thescribed degree of confidence. If there is no uncertainty, the
estimated Pls and it is estimated as: value of MPl is zero.

1 n
PICP==->"C (10)
i3

1, Pl <y <PL/;

with €= { 0, otherwise
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Table 1. The statistical properties of the runoff data.

Statistical properties Complete data Calibration data Verification data

Period (day/month/year hour)  24/06/1994 05:00 — 24/06/1994 05:00 — 24/06/1995 05:00 —
31/05/1996 13:00 24/06/1995 04:00 31/05/1996 13:00

Number of data 16977 8760 8217
Average (ni/s) 1.91 2.25 1.53
Minimum (m/s) 0.15 0.17 0.14
Maximum (n‘?’/s) 39.58 39.58 29.56
Standard deviation (ffs) 3.14 3.68 2.37

4 App'lcat|0n (‘:rossfva\ida‘tiun P;n of lra\ning‘ ‘

|\
40
1

Observed

— Simulated

4.1 Study area

301

°ls)

£
The Brue catchment located in the South West of England, &,,
UK is selected for the application of the methodology. The
catchment has a drainage area of 135 kmith the aver- 1o
age annual rainfall of 867 mm and the average river flow of : ‘ ‘ ‘ : ‘
1.92 n¥/s, for the period from 1961 to 1990. The discharge is T o0 G0 400 400 5000 S50 G000 6500

Time (hours) (1994/10/10 13:00 ~1995/03/22 00:00)

measured at Lovington. The hourly potential evapotranspira- ‘ ‘ ‘ ‘
tion was computed using the modified Penman method rec- ! Part ofverficaton ]
ommended by FAOAllen et al, 1999. Splitting of the avail-
able data set is based @hrestha and Solomatif@008),

one year hourly data from 24 June 1994, 05:00:00 to 24 June
1995, 04:00:00 was selected for calibrating the HBV hydro-
logical model, running MC simulations to generate data for
uncertainty modeV and training modeV. Data from 24 . ‘ ‘ ‘ ‘ ‘
June 1995, 05:00:00 to 31 May 1996, 13:00:00 was used for % 10000 _ 41000 @ Ceoio 130 Jsesiosizsaoon %
validating the hydrological model, running MC simulations

to generate data for validating uncertainty modelEach of  Fig. 3. Observed and simulated discharge hydrographs in a part of
the two data sets represents almost a full year of observationgalibration (training+crossvalidation) and verification period.

and their statistical properties are shown in Table 1.

Disch:

201 b

Discharge (mals)

101 T

4.2 Conceptual hydrological model near the border of the parameter ranges, and re-calibration of

A simplified version of the HBV model (Fig?) was used. the model was done with the extended ranges of the param-

. SR . eters. Sometimes automatic calibration gives the parameter
Input data are observations of precipitation, air temperature

and estimates of potential evapotranspiration. The detaile(yalues which do notrepresent the physical process well in all
. P P pIre Situations. Therefore, manual fine tuning of the parameters
description of the model can be found lindstiom et al.

(1997) followed the automatic procedure by visual comparison of
' the observed and simulated hydrograph.

4.3 Experimental setup The model was calibrated using Nash-Sutcliffe model ef-

ficiency, CoE Nash and Sutcliffe1970 as a performance

The nine parameters of the HBV model are listed in Tdble measure of the HBV model. For the calibration period, the

The model was first calibrated using the global optimization COE was 0.96. The model was validated by simulating the

routine — adaptive cluster covering algorithm, ACC®blo- flows for the independent verification data set, and the CoE

matine et al.1999 to find the best set of parameters, which was 0.83. Figur& shows the observed and simulated hydro-

was followed by manual adjustments of the parameters. Th@raph in both calibration and verification period.

ranges of parameters for automatic calibration and for param-

eter uncertainty analysis were based on a range of calibratedl4 MC simulation and its convergence analysis

values from other model applications (e.Braun and Ren-

ner, 1992 and the hydrologic descriptions of the catchment. The parameters of the HBV model are sampled from the uni-

The ranges were extended when the solutions were founfbrm distribution with the ranges given in TaldleThe model

Hydrol. Earth Syst. Sci., 13, 1235248 2009 www.hydrol-earth-syst-sci.net/13/1235/2009/
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Table 2. The ranges and calibrated value of the HydrologiskaaBgrVattenbalansmodell (HBV) model parameters. The uniform ranges
of parameters are used for calibration of the HBV model using the adaptive cluster covering algorithm and for analysis of the parameter
uncertainty by MC simulations method.

Parameter  Description and unit Ranges Calibrated
value

FC Maximum soil moisture content (mm) 100-300 160.33

LP Limit for potential evapotranspiration 0.5-0.99 0.527

ALFA Response box parameter 0-4 1.54

BETA Exponential parameter in soil routine 0.9-2 1.963

K Recession coefficient for upper tank (/hour) 0.0005-0.1 0.001

K4 Recession coefficient for lower tank (/hour) 0.0001-0.005 0.004

PERC Percolation from upper to lower

response box (mm/hour) 0.01-0.09 0.089

CFLUX Maximum value of capillary flow (mm/hour) 0.01-0.05 0.038

MAXBAS  Transfer function parameter (hour) 8-15 12.00
is run for each random parameter set and the likelihood mea- : — 1t
sure is computed for each model run. We use the sum of the - - -sbE

squared errors as the basis to calculate the likelihood measur
(seeFreer et al.1996 in the form;

S\ N
g,
L(6;/D) = (1— 5 ) (12)
Oobs
where L(6;/D) is the likelihood measure for thé" model —11/ m o s e wd
conditioned on the observatiofs o2 is the associated error Sample size (total =74467)
variance for the’" model,o2 . is the observed variance for

b . .
the period under consideratiah,is a user defined parameter. Fig- 4. The convergence of the mean (ME) and the standard devi-

We seth to 1; in this case EqQ) is equivalent to COE ation (SDE) of Nash-Sutcliffe model efficiency. Note that x-axis is
We investigated the number of behavioural samples re—IOg scale to see initial variation.
tained out of 74 467 MC samples for different values of the

rejection threshold. It was observed that only 1/3 of Simu'testing convergence can be foundBallio and Guadagnini
lations (25 000 samples) are accepted for the threshold valu 004. Figure 4 depicts the two statistics — the mean and
of 0, whereas less than 1/10 of simulations are retained fog;sndard deviation of the CoE — used to analyse the conver-
the threshold value of 0.7. _ gence of MC simulations. It is observed that both statistics
~ We have also tested the convergence of the MC simulay g staple after 5000~10 000 simulations, so 10000 MC sim-
tions to know the number of samples required to obtain reli- ,ations are reasonable to consider in this case study.
able results. Since we have used CoE as an objective function \ye a1so carried out experiments with other 9 performance
to calibrate the model a_nd asa Iikellihood measure in GLUE,metrics (e.g., RMSE, absolute error, percentage bias and oth-
we used the same metric to determine the convergence of thg.) for the convergence test. It is observed that the results
MC simulations. The mean and standard deviation of CoEyre’ consistent with the CoE metric. Furthermore we also
were used to analyse the convergence of the MC simulations;najysed the convergence of the runoff predictions at some
k arbitrary points (e.g., in peak flow, medium flow and base
ME; = %Z(COE) (13) flow), and the results are quite consistent with the previous
im=1 global performance metrics.

1k 4.5 ANN for emulating MC simulation
SDE = | =) (CoE — ME;)? (14) . _

k= Once the uncertainty results generated by the MC simula-
tions are obtained, the ANN is trained to learn the functional
where CoEis the CoE of thé’” MC run, ME; and SDE are  relationship between the uncertainty results and the input
the mean and standard deviation of the model efficiency ofdata. The GLUE method has been used for the parameter un-
the model up to thé’” run, respectively. Other statistics for certainty estimation of the HBV model. The threshold value
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Fig. 5. Linear correlation and average mutual information (AMI) between effective rai(galower prediction interval, angb) upper
prediction interval for different time lags.

of 0 (measured by CoE) is selected to classify the simula-and upper Pls. It is observed that the correlation coefficient
tion as either behavioural or non-behavioural. 90% uncer4is minimum at a zero hour lag time and increases as the lag
tainty bands are calculated using the 5% and 95% quantilegicreases up to 7 h (Figb) for the upper PI. The correla-
of the predicted output likelihood weighted distribution re- tion plot (see Fig5a) for the lower Pl is different than the
sulting from the MC simulation realizations. upper PI. The optimal lag time (the time at which the cor-
The corresponding 90% lower and upper Pls (seedtg. relation coefficient and/or AMI is maximum) is 9h. Such
are calculated using the model output simulated by the optifindings are also supported by the AMI analysis. At optimal
mal model parameter sets found Birestha and Solomatine lag time, the variableR E; provides the maximum amount
(2008. Hence the computed lower and upper Pls are condi-of information about the Pls. Additionally, the correlation
tional on contemporary value of the model simulation. Theand AMI between the Pls and the observed discharge were
next step was to select the most relevant input variables t@nalysed. The results show that the immediate and the recent
build a predictive ANN model. discharges (with the lag of 0, 1, 2) have a very high correla-
It is worth mentioning that we have not studied the uncer-tion with the Pls. So it was also decided to use the past values
tainty of the ANN model. However, we have tried to ensure of the observed discharge as additional input to the mudel
its high accuracy, and hence lower uncertainty: the number Based on the above analysis, several structures for the in-
of hidden neurons was optimized, and different initializations put data for the ANN model were considered. The principle
of ANN weights and biases were tried. For sure, more couldof parsimony was followed to avoid the use of a large num-
be done to investigate the uncertainty of the resulting ANN,ber of inputs, so the aggregates, such as moving averages
for example, with the help of Bayesian approaches (see, e.gQr derivatives of the inputs that would have a hydrological

Khan and Coulibaly 2009. meaning were considered. Typically, the rainfall depth at a
shorter (e.g., an hourly) time step partially exhibits random
4.5.1 Selection of input variables behaviour, and is not very representative of the rainfall phe-

nomenon during the short period. Considering the maximum
To select the input variables for the ANN model, several ap-dependence to 7 h and 9 h lag time, we used two mean effec-
proaches can be used (see, esglpomatine and DulaR003 tive rainfall values:
Guyon and Elisseef003 Bowden et al.2005. The input
variables for the mode¥ are constructed from the rainfall, 1. REi—7. —the mean oRE; 3, RE, 4, RE; 5, RE; s,
evapotranspiration and observed discharge. Experimental re-  RE:-7; and
sults show that the evapotranspiration alone does not have _
a significant influence on the Pls. Thus it was decided not 2. igi:g‘f the mean oR£;—s, RE;—e, REi—7, RE;-s,
to include the evapotranspiration as a separate variable, but
rather to use effective rainfall (rainfall minus evapotranspi-  Furthermore, the derivative of the flow indicates whether
ration for rainfall greater than evapotranspiration and zerothe flow situation is either normal or base flow (zero or small
otherwise). The following conventions are used throughoutderivative), or can be characterized as the rising limb of the

this manuscript while defining the input variables: flood event (high positive derivative), or the recession limb
RE,_.: effective rainfall at time —; (high negative derivative). Therefore, in addition to the flow
Q.. discharge at time—z; wherer is lag time (0, 1, variable Q,_1, the rate of flow change at time-1 is also

2,y Tmax)- considered.

Figure 5 shows the correlation coefficient and the AMI  Table3 presents five possible combinations of input struc-
(see Eql0) of RE, and its lagged variables with the lower ture for the two ANN models. Note that these two models
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Table 3. Input data structures of ANN models to reproduce Monte Carlo uncertainty results of the HBV model.

ANN models Lower prediction interval Upper prediction interval

ANN11 RE; 94, Q1—1, 00,1 RE; 94, Q1—1, 00,1

ANN22 RE; 74, Q11,8001 RE; 74, Q1-1. 801

ANN33 RE; 7, RE; g RE; 9, Q;—1,A0Q;—1 RE; 7, RE,_g RE; 9, Q11,001
ANN44 RE;_9q, Q1-1, Qr-2 RE;_9q, Q1-1, Or-2

ANN12 RE; 94, Q11 AQ;—1 RE; 74, Q1-1, AQ-1

are trained independently for the lower and upper Pls; how4.5.3 Comparison of computational time

ever, it is possible to use a single ANN model to produce two

outputs given that it has same input structures (e.g., ANNThe standard MC runs of 25000 simulations with the HBV

models ANN11, ANN22, ANN33, ANN44 in Tablg). model for hourly resolution data of one year takes about 9h
The structure of the two ANN models to estimate the lower CPU time in a standard PC (Pentium Dual core 1.8 GHz,

and upper P, for instance in ANN11 configuration, takes thel.8 GHz, 2 GB RAM) (there is the exchange of data between

following form: the MC code and the model via a file). Training of the
ANN model in this study took about 30 min of CPU time us-
PIF = VL(RE;—ga, Q1—1, AQs-1) (15)  ing Levenberg-Marquardt optimization algorithm including
a couple of iterations to get good results. Time required to
PIY = Vy(RE/—ga, Qi—1, AQs—1) (16)  choose the relevant input variables and the data preparation

depends on the modeller’s experience. Generally it may take
a few hours to a day, but this is done once. Afterwards the
trained ANN model is used in operation to predict the uncer-
tainty, while in conventional MC based uncertainty analysis
the process based model has to be run for a large numbers

tir:)_n thi? \t/)?rigbtlje is nbot ?]va:_I'aBtiI/e (in(;;leled,dthﬁ predictiondo;‘ of times for each time step when prediction is needed. This
this variable is done by the model and the ANN mode prohibits the use of the MC simulation in many real-time ap-

assesses the uncertainty of the prediction). Furthermore, Wejiations, especially for computationally intensive models

would like to stress that in this study the uncertainty of theWhere run time of the model might be hundred times greater
model output is assessed when the model is used in simula(han that of the model considered in this study.

tion mode. However, this method can also be used in fore-
casting mode, provided that the process model is also run in
forecasting mode.

where, P} and P are the lower and upper PI fot" time
step, and\Q;_1is Q;_1— Q;_» (characterizes the derivative
of the previous discharge). Note that we have not W3gds
input to the ANN model because during the model applica-

5 Results and discussions

4.5.2 Model trainin . : :
g Figure6 shows the scatter plot of observed and simulated dis-

The same data sets used for the calibration and verificatiofharge by HBV model in the verification period. For many
of the HBV model were used for training and verification of data points the HBV model is quite accurate but its error
the modelV, respectively. However, for proper training of (uncertainty) is quite high during the peak flows. It is ob-
the ANN models the calibration data set is segmented intc>erved that residuals are autocorrelated and heteroscedastic

two subsets: 15% of data sets for cross-validation (CV) andS€e. €.g.Shrestha and Solomatin2009. This can be ex-
85% for training (see Fig). plained by the fact that the version of the HBV model used
The CV data set was used to identify the best structure ofn this study is the lumped model and one cannot expect high
the ANN. In this paper, a multilayer perceptron network with @ccuracy from it. Furthermore input data might be erroneous.
one hidden layer was used; optimization was performed by The ANN based uncertainty mod®l trained on the data
the Levenberg-Marquardt algorithm. The hyperbolic tangentgenerated by the MC simulations, was tested in the verifi-
function was used for the hidden layer with the linear transfercation data set; its performance is shown in TadleAll
function at the output layer. The maximum number of epochsANN models are characterized by similar values of the co-
was fixed at 1000. The trial and error method was adoptecefficient of correlation (CoC) in the CV data set producing
to detect the optimal number of neurons in the hidden layera lower PI. In the verification data set, ANN11 or ANN12
testing a number of neurons from 1 to 10. It was observednote that configurations ANN11 and ANN12 have the same
that seven and eight neurons for the lower and upper Pl reANN model for the lower PI), ANN44 have the highest CoC
spectively give the lowest error on the CV data set. value. In producing the upper Pl, ANN22 or ANN12 (con-
figurations ANN22 and ANN12 have the same ANN model
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Table 4. Performances of different ANN models measured by the coefficient of correlation (CoC), the prediction interval coverage proba-
bility (PICP) and the mean prediction interval (MPI).

ANN configurations  CoC for lower prediction interval  CoC for upper prediction interval PICP MPI
Training CV \Verification Training CV \Verification Verification  Verification
ANN11 0.91 0.95 0.86 0.80 0.86 0.80 77.00 2.09
ANN22 0.92 0.95 0.83 0.83 0.88 0.79 81.78 2.24
ANN33 0.91 0.95 0.79 0.75 0.84 0.76 73.70 1.90
ANN44 0.90 0.96 0.86 0.79 0.88 0.80 73.99 1.93
ANN12 0.91 0.95 0.86 0.83 0.88 0.79 76.55 2.09
30 of the Pls obtained by the MC simulations in enveloping the

real-world discharge observations might be mainly due to the
following three reasons among others:

25
mﬁ — The uncertainty in the model structure, the input (such
%20 as rainfall, temperature data) and output discharge data
g are not considered in the MC simulations.
o
215
2 — We assumed a uniform distribution and ignored the pa-
%10 rameter correlation. These assumptions could be wrong.
=}
£
=

— We employed the GLUE method. The width of the un-
certainty bound obtained by the GLUE method varies
with the rejection threshold and the likelihood measure
to a great extent.

0 5 10 15 20 25 30
Observed discharge m*/s Among the ANN models, ANN22 gives the best result cor-
responding to a PICP value (i.e. 81.78% against the required
Fig. 6. Scatter plot of observed and simulated discharge by HBV 90%). However ANN11 and ANN12 gives PICP values very
model in the verification period. close to the MC simulation results. The average width of the
Pls (i.e., MPI) by ANN22 is wider; this is one of the rea-
sons to include a little bit more observed data inside the Pls.
for the upper Pl) and ANN44 give the highest CoC value in ANN33 gives the lowest MPI value with the lowest PICP
the CV data set. Figuré presents the scatter plots of one of value. The MPI values of ANN11 and ANN12 are very close
the ANN models to produce the lower and upper prediction(almost equal) to the MC simulation results.
limits in the verification period. It appears that the CoC val-  Figure8 shows the comparison of the 90% Pls estimated
ues obtained when predicting the lower prediction limits arepy the MC simulations with 5 different ANN configurations
higher than those for the upper prediction limits. This can beof the input data in the verification period. We also compared
explained by the fact that the upper prediction limits corre-the Pls of ANN12 with those of ANN11 (FigBa and b),
spond to the higher values of flow (where the HBV model is ANN22 (Fig.8c and d), ANN33 (Fig8e and f), and ANN44
less accurate) and have higher variability, which makes thgFig. 8g and h). It is observed that the upper Pl on peaks are
prediction a difficult task. overestimated by ANN11 compared to ANN12. Note that
We also compared the percentage of the observation datde lower Pls of ANN11 and ANN12 coincide because the
falling within the PIs (i.e., PICP) produced by the MC sim- input structures of the ANN11 and ANN12 for the lower Pls
ulations and the ANN models. The value of PICP obtainedare the same. One can see from Fg.and d that ANN22
by the MC simulations is 77.24%. Note that we specified theand ANN12 give similar results with a slight underestimation
confidence level of 90% to produce these Pls and theoretiof the lower PI. In this comparison, the upper Pl of ANN22
cally one would expect a PICP value of 90%. However it hasand ANN12 coincide because of the same input structures
been reported that the PICP obtained by the MC simulationgor the upper Pl. One can see a noticeable difference be-
is normally much lower than the specified confidence leveltween ANN33 and ANN12 for both the upper and the lower
used to produce the PIs. This low value of PICP is consistenPI. Most of the upper Pls on the peaks are overestimated by
with the results reported in the literature (see, eMpnta-  ANN33 and the lower Pls on most of peaks are considerably
nari, 2005 Xiong and O’Conngr2008. The low efficiency  underestimated. This result is not surprising if one analyses
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Fig. 7. Scatter plots showing the performance of the ANN model to reproduce 90% prediction limits (PL) of MC simulations in the
verification data set(a) 90% lower PL(b) 90% upper PL. X-axes show the prediction limits obtained by MC simulations and Y-axes show
the prediction limits estimated by ANN.
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Fig. 8. A comparison of the 90% Pls estimated by the MC simulations (darker shaded region) and ANN12 (thick lines)amithb)
ANN11, (c andd) ANN22, (e andf) ANN33, and ¢ andh) ANN44 in parts of the verification period. The black dots indicate observed
discharges and the thin lines denote the 90% PIs obtained by ANN11, ANN22, ANN33, ANN44.

the structure of the input data. The obvious reason is that théo the combined effect of consideriR¥E, _g (while upper Pl
input data consists of instantaneous valueR Bf_7, RE;_g, have maximum correlation at 7 h) and of not usih@, 1.

RE; 9, while in the other models we used a moving average  From the above analysis it can be concluded that model
value of effective rainfall, and thus the smooth function of the ANN12 is relatively better: it produces 90% Pls close to Pls
ANN is produced. Figur&g and h shows that inclusion of gptained by the MC simulation. It can be said that in gen-
the inputA 0,1 does not improve the accuracy as expected.eral most of the ANN models (except ANN33) reproduce the
However overestimation of the upper Pls on the peaks is dug/C simulations uncertainty bounds reasonably well except
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for some peaks, in spite of the low correlation of the input the trained ANN models are employed to estimate the un-
variables with the Pls. Although some errors can be noticedgertainty in a real time application without running the MC
the predicted uncertainty bounds follow the general trendsimulations any more.
of the MC uncertainty bounds. Noticeably, the model fails In this study, two separate ANN models are used to esti-
to capture the observed flow during one of the peak eventsnate the two quantiles (5% and 95%) forming the 90% PIs.
(Fig. 8a, c, e, and g). Note however, that the results of theHowever, the methodology can be extended to predict sev-
ANN model and the MC simulations are visually closer to eral quantiles of the model outputs, that is, in fact, estimating
each other than both of them to the observed data. the shape of the probability distribution of the model out-
It is also observed from FigB that the model prediction put generated by the MC simulations. The conceptual hy-
uncertainty caused by parameter uncertainty is rather largedrological model HBV was applied to the Brue catchment
There could be several reasons for this including: in the United Kingdom and used as a case study. The re-
sults demonstrate that the ANN approximates uncertainty of
— The GLUE method does not strictly follow the Bayesian the model prediction with reasonable accuracy, and this is an
inference processvantovan and Todini2009, which ingicator that the presented method can be a valuable tool
leads to an overestimation of the model prediction un-for assessing uncertainty of various predictive process mod-
certainty. els. The proposed method can be used to emulate the results
of various MC based uncertainty analysis methods such as

depends on the rejection threshold to distinguish be-M.arkov chain Monte Carlo sampl[ng, Latin Hypercube sam-
: . pling and others. Furthermore, this method can be applied in
tween the behavioural and non-behavioural models. In . .
. . -~ the context of other sources of uncertainty — input, structure,
this study we used a quite low value of the rejection

) ) or combined.
th.reshold (CO.E value of 0) which produces relatively Further studies aim at testing other machine learning tech-
wider uncertainty bounds.

niques (possibly including instance-based learning), and ap-

— We considered only parameter uncertainty assumingO|ying the pregenteq methodology_to other hydrological (pro-
that the model structure and the input data are correctC€SS) models in various case studies.

As mentioned at the beginning of this section, the scat- .
¢ ot Is that thi tion i i I tAcknowledgementsThls work was partly supported by the Euro-
erpiotreveals that tnis assumption 1S not really correc ‘pean Communitys Sixth Framework Program through the grant to

the budget of the Integrated Project FLOODsite, Contract GOCE-
CT-2004-505420, and by the Delft Cluster Research Programme
of the Dutch Government (project “Safety against flooding”). The
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There are basically three main steps involved in the pro-
posed method:

— In the GLUE method, the uncertainty bound very much

6 Conclusions
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