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Abstract

Calibration of a model against more than one output variable is important for reliable simulations of internal processes. In this study,
a genetic algorithm combined with local optimisation was proposed for automatic single- and multi-criteria calibration of the HBV
model, a conceptual runoff model. The model and the optimisation algorithm were applied in two catchments with different geology
where, in addition to observed runoff, time series of groundwater level data were available. For a theoretical, error-free test case with
synthetic data, the optimisation algorithm was usually able to find the true parameter values. For the real-world case, parameter
values varied considerably when calibrating against runoff only. However, parameter values were constrained significantly when
calibrating against both runoff and groundwater levels. Furthermore, for one of the catchments, the results of the multi-criteria

calibration motivated a modification of the model structure.
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Introduction

Calibration and validation of conceptual runoff models
usually are limited to comparing simulated with observed
streamflow at the basin outlet. Nevertheless, applying a
model to make predictions into the unknown as, for
instance, extreme floods or effects of climate changes
implicitly presupposes that the internal processes are
simulated correctly. Therefore, evaluating the capability of
a model to simulate various hydrological variables is needed
for a more rigorous analysis of model performance. Multi-
criteria calibration and validation of conceptual runoff
models has become a research topic gaining increasing
attention (de Grosbois ef al., 1988; Ambroise et al., 1995;
Mroczkowski et al., 1997; Franks et al., 1998; Kuczera and
Mroczkowski, 1998; Yapo ez al., 1998).

In conceptual runoff models, various simple routines
represent catchment hydrology in a lumped or semi-
distributed way. Usually, at least 10 to 15 parameters are
used. These parameters may have a physical basis but, as
they are effective parameters on the catchment or sub-
catchment scale, almost all of them need to be determined
by calibration. The information contained in the rainfall-
runoff relationship usually does not allow identification of a
unique parameter set. Reducing the number of parameters
is unattractive because it would transform the conceptual,

grey-box representation of the rainfall-runoff process into a
pure black-box description. A more attractive way to reduce
parameter uncertainty is the use of additional data. Franks ez
al. (1998) demonstrated that the percentage of saturated
areas in the catchment helped to constrain calibrated
parameter values and model predictions in an application
of TOPMODEL. However, the worth of additional data
varies. Using a hydrosalinity model, Kuczera and Mrocz-
kowski (1998) found that groundwater levels helped only a
little into reducing the parameter uncertainty, whereas
stream salinity data substantially reduced the uncertainties.
In this study, the HBV model (Bergstrom, 1976, 1992)
was used as an example of a typical conceptual runoff model.
It has been applied in numerous studies in more than 30
countries (Lindstrom et al., 1997) and has been found to be
capable of simulating runoff in different climatic zones.
Comparisons with variables other than observed runoff,
however, are relatively rare. Hottelet ez al. (1994) found
snow pack observations to be useful for validation of the
model. Bergstrom and Sandberg (1983) used the HBV
model to simulate groundwater levels in three geologically
different aquifers. They modified the general model
structure and found a good agreement between observed
and simulated levels. However, they did not check the
simulated runoff against measurements. Furthermore, the
model has been modified to simulate the transport of
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solutes, which allowed comparing simulations with pH and
alkalinity (Bergstrom ez al., 1985) as well as with
conservative tracers (Lindstrom and Rodhe, 1986).

Manual calibration of a model by trial and error is a time-
consuming method and results may be subjective. This is
particularly true when calibrating against more than one
hydrological variable. Therefore, various automatic calibra-
tion methods have been developed (Sorooshian and Gupta,
1995). Evolution-based methods have been found to be
suitable tools for the optimisation of conceptual runoff
models (Wang, 1991; Duan ez 4/, 1992; Franchini, 1996;
Kuczera, 1997; Yapo et al., 1998). Genetic algorithms are
one class of these methods. The idea of genetic algorithms,
originally suggested by Holland (1975/1992), is to mimic
evolution. Parameter sets are encoded to chromosome-like
strings and different recombination operators are used to
generate new parameter sets. The optimisation starts with a
population of randomly generated parameter sets. These are
evaluated by running the model and those sets that give a
better simulation according to some objective function are
given more chances to generate new sets than those sets that
gave poorer results.

rain and snow

—

For a general overview of genetic algorithms and
discussions on their optimisation capabilities the reader is
referred to Goldberg (1989), Davis (1991), Beasley ez al
(1993a,b), Whitley (1994) and Mitchell (1996). In hydrol-
ogy, genetic algorithms have been used for the calibration of
conceptual runoff models by Wang (1991), Franchini (1996)
and Kuczera (1997). Kuczera (1997) compared different
probabilistic optimization algorithms including a genetic
algorithm and found the shuffled complex evolution (SCE-
UA) algorithm (Duan ez al., 1992) to be superior to the
genetic algorithm. However, Kuczera (1997) used a
traditional genetic algorithm and pointed out that “im-
proved genetic algorithm performance is therefore possible”
(p. 184). Franchini ez al. (1998) found only slight differences
in the performance between the SCE-UA algorithm and a
genetic algorithm combined with a subsequent local
optimisation when calibrating a model to a single catchment.

In this study, a genetic algorithm was proposed for multi-
criteria calibration of the HBV model. Firstly, the model
was calibrated to a synthetic runoff series generated by the
model. Thereafter, two catchments with different geology
were used to calibrate the model against both runoff and
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Fig. 1. Structure of the HBV model.
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groundwater level observations. The aim was twofold, a test
of the capability of the genetic algorithm as a tool for multi-
criteria calibration and an assessment of the worth of
groundwater data for the calibration of a conceptual runoff
model.

Materials and methods

HBV MODEL

The HBV model (Bergstrom, 1976, 1992) is a conceptual
model that simulates daily discharge using daily rainfall
and temperature, and monthly estimates of potential
evaporation as input. The model consists of different
routines (Fig. 1, Table 1), where snowmelt is computed by
a degree-day method, groundwater recharge and actual
evaporation are functions of actual water storage in a soil
box, runoff formation is represented by three linear
reservoir equations and channel routing is simulated by a
triangular weighting function. For both the snow and the
soil routine, calculations are performed for each different
elevation zone, but the response routine is a lumped
representation of the catchment. Further descriptions of
the model can be found elsewhere (e.g. Bergstrom, 1992,
1995; Lindstrém et al., 1997; Seibert, 1997a). The version
of the model used in this study, ‘HBV light 1.2" (Seibert,
1997b) corresponds to the original version described by
Bergstrom (1992, 1995).

The agreement between observed (Q,) and simulated
(Qsim) catchment runoff was evaluated by the efficiency,

Table 1. Model parameters and feasible ranges

(Nash and Sutcliffe, 1970), here called R4 (Eqn. 1).

D ol (Y s
off = —3
> (Qots — Qo)

In both catchments used in this study, groundwater
levels were measured about fortnightly at a number of
groundwater tubes. Because the HBV model simulates the
groundwater lumped over the catchment, local observa-
tions could not be compared directly to the simulations.
The groundwater observations were also spatially averaged
i.e. the arithmetic mean was computed from the observa-
tions at the different tubes. To allow comparison with the
observed mean groundwater level, the storage in the
groundwater boxes (Syz and Szz) had to be transformed
into a groundwater level, 2 [m as.1.]. A linear equation
(Eqn. 2) with a slope m, which corresponded to the inverse
of the storage coefficient, and an offset ¢ was used. The
coefficients were determined by linear regression between
the simulated storage and groundwater levels. The
performance of the groundwater level simulation was
evaluated using the coefficient of determination, 7, as
objective function.

z2=m(Syz +Siz) +¢ (2)

(1)

DESCRIPTION OF THE GENETIC ALGORITHM

With a genetic calibration algorithm, optimised parameter
sets are found by an evolution of parameter sets using

Parameter Explanation Unit Lower bound Upper bound
Snow routine

T Threshold temperature °C -1.5 2.5
CFMAX Degree-day factor mm °C~! 47! 1 10
SFCF Snowfall correction factor - 0.5 1.2
CWH Water holding capacity - 0 0.2
CFR Refreezing coefficient - 0 0.1
Soil routine

FC Maximum of SM (storage in the soil) mm 50 500
LP Threshold for reduction of evaporation (SM/FC) - 0.3 1
BETA Shape coefficient - 1 6
Response routine

K, Recession coefficient (upper storage) da! 0.1 0.5
K; Recession coefficient (upper storage) a! 0.05 0.3
K, Recession coefficient (lower storage) da! 0.001 0.1
UZL Threshold for the Ky-outflow mm 0 50
PERC Maximal flow from upper to lower box mm d~! 0 4
MAXBAS Routing, length of weighting function d 1 7
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