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ABSTRACT

Hydrological modelling has undergone constant growth with the increase in information proces-
sing capabilities. Hydrological models have traditionally been used to study the effects of climate
change on management and land-use changes and for water resources planning, among other
purposes. The aim of this study was to determine and analyse the advantages of the HBV and
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HYMOD models, which are commonly used in hydrology on daily and monthly time scales. A

regional sensitivity analysis was used to compare the processes that take on greater importance
at different time scales in the two models. As a result, it was found that quick precipitation-runoff
processes prove to be better represented in the HBV model, while slow, time-aggregated
processes are better represented by the HYMOD model. This study confirms that both models
are adequate for rain-dominated basins, such as those of the study area. Additionally, the HBV
model proved to be more robust in comparison to HYMOD.

1 Introduction

Hydrological models are an effective tool for water and
basin management. They are meant to represent
hydrological processes at the basin level (e.g. precipita-
tion, evapotranspiration, infiltration, snowmelt) and
evaluate conditions for purposes of water resources
management and administration.

The use of water balance models to solve hydrolo-
gical problems has increased in recent times (Rusli
et al. 2015), especially in areas such as climate change
impact studies (Solomon 2007) and the simulation and
prediction of different environmental processes
(Wagener et al. 2001).

Normally, conceptual hydrological models are devel-
oped for different time scales and the specific conditions
of a basin or hydro-climatic area; thus, using them under
conditions different from those for which they were cre-
ated can be challenging and yield unsatisfactory results.
Staudinger et al. (2011), for example, mentioned that
hydrological models usually poorly simulate minimum
streamflows since they are traditionally designed to
address maximum streamflow situations; therefore, the
applicability of a model in low-streamflow conditions will
depend on how the relevant hydrological processes are
represented (Nicolle et al. 2013).
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Some of the advantages of conceptual models are the
simple manner in which they represent and simulate
processes and allow users to understand what is being
simulated. They can also support prediction- and man-
agement-related decision-making processes; for exam-
ple, they can be used to estimate projected hydropower
generation under climate change conditions (Chilkoti
et al. 2017), predict the hydrological components of
ungauged watersheds (Ibrahim et al. 2015, Sun et al.
2015), and evaluate the effects of wildfires (Moussoulis
et al. 2015) or land-use changes (Younis and Ammar
2017), among other activities. However, despite their
advantages, hydrological models also have limitations,
such as not normally considering the groundwater
exchange (Pellicer-Martinez et al. 2015) or oversimpli-
fying the real world (Martina et al. 2011), simplifying
the processes simulated and sometimes reducing their
importance in the simulated water balance.

Each model should provide a clear statement of its
limitations and proper guidance along with a descrip-
tion of dominant processes (Devia et al. 2015). Usually,
the more complex the model, the broader the charac-
teristics of the basins and climates in which it is
applied; however, the more parameters it has, the less
understandable the simulated processes become. On
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the other hand, the simpler the model (such as a con-
ceptual model), the easier it is to understand and
calibrate; nonetheless, it proves necessary to know its
limitations and advantages for different purposes, time
scales and climates.

Due to the growing use of hydrological models to
simulate processes in a basin, and the differences
among them (e.g. in structure, the conceptual repre-
sentation of the system and processes and the amount
of model parameters), there is a need to evaluate
them and assess their results and capabilities (e.g.
the capacity to simulate different basins and climatic
limits of applicability). te Linde et al. (2007) suggested
that one way to evaluate a model is to implement two
or more of them in a basin in order to compare their
results. Jiang et al. (2007) quantified the differences
between six hydrological models (Thornthwaite-
Mather, VUB, Xinajiang, Guo, WatBal and Schaake)
in order to evaluate the impact of climate change on
the Donjiang River basin, China. Although very simi-
lar results were obtained regarding the streamflow
data in that study, differences in the soil moisture
model and, therefore, in the processes represented,
were found. Thus, evaluating not only model capabil-
ities but also the capabilities of their sub-models and
their effects on the main model results may contri-
bute to a better understanding of the simulated sys-
tem and the processes that occur in it.

Two widely used models are HBV (Bergstrom 1972)
and HYMOD (Boyle 2001). Both have been applied in
a variety of basins and climates (e.g. the MOPEX data-
base (Kollat et al. 2012), a continental climate with cold
winters and relatively warm summers (Staudinger et al.
2011), a subarctic climate (Seibert 1997), a dry-conti-
nental climate (Przeczek et al. 2009), a subtropical
climate (Rusli et al. 2015), and in the Asian monsoon
region (Li et al. 2009), among others) with different
characteristics in terms of precipitation, temperature,
size, slope and aridity index.

The choice of a model for particular watershed
characteristics and desired modelling time scales
requires an understanding of model sensitivity to
representative processes. In this study, the processes
that take on greater importance according to the char-
acteristics of models, watersheds and time scales are
identified through a Regional Sensitivity Analysis
(RSA). In order to identify the main characteristics of
hydrological models, their advantages and drawbacks
are evaluated. Different simulation time scales (daily
and monthly) and watersheds are analysed to provide
information that may contribute to the a priori selec-
tion of a model as a function of the processes to be
modelled.

2 Study area and hydro-meteorological data

The study area comprises the watersheds of the Digullin
(207 km?®) and Quino (298 km?) rivers up to the San
Lorenzo and Longitudinal stream gauge stations, respec-
tively, located in south-central Chile (Fig. 1). The Diguillin
River (Fig. 1(a)) springs from the western slope of the
Andes and drains toward the southwest of the Nevados
de Chilldn volcanic complex. The area is difficult to access;
therefore, hydrological data are limited. The watershed
presents a volcanic influence and is composed of various
types of lava flows that were formed by different volcanic
processes that have occurred in the last 650 thousand years
(Dixon et al. 1999, Naranjo et al. 2008). The mean annual
precipitation in the area is around 2300 mm, the mean
annual air temperature is 9.2°C and the annual average
potential evapotranspiration is around 630 mm. The basin
is mostly covered by evergreen and semi-deciduous forests
(~65%) and to a lesser extent (~30%) by forest-shrubland-
grassland (Munoz et al. 2016). The watershed presents a
predominant rain flow regime during the winter with a
slight snowmelt influence during the spring and early
summer (Zudiga et al. 2012).

Quino at Longitudinal (Fig. 1(b)) presents a temperate
cold rainy climate with a mediterranean influence, which
is characterized by mean annual temperatures of 8.4°C
and annual precipitation of around 3000 mm, with the
greatest streamflows in the winter months (as a result of
rainfall) and the lowest in summer. In wet years, the
greatest streamflows occur between May and August as
a result of the significant winter rain, whereas the lowest
streamflows are observed between January and April
(Direccion General de Aguas 2004). The annual average
potential evapotranspiration is around 550 mm. The
Quino River is widely used for irrigation and the land in
the basin is used for agriculture. The watershed was
formed during the Pleistocene and has pyroclastic depos-
its, mainly rhyolitic associated with caldera collapse
(Direccion General de Aguas 1986). The basin is mostly
covered by broadleaved evergreen or semi-deciduous
forest (~55%), vegetation or cropland (~34%) and to a
lesser extent (~11%) by forest-shrubland-grassland.

Both models (HBV and HYMOD) have been applied
in basins with characteristics, such as climate and size,
similar to those of the basins in this study (e.g. Kollat et al.
2012 applied both models in several basins with a
Mediterranean climate on the west coast of the USA).

For the study, a 10-year span (from April 2000 to March
2010) of hydro-meteorological records was used.
Precipitation data (daily and monthly) were recorded at
seven rain gauge stations and were obtained from the
General Water Directorate (DGA) (see location in Fig. 1).
Since there are no continuous temperature time series from
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Figure 1. Location of the (a) Diguillin and (b) Quino river basins.

nearby stations, (daily) temperature time series were
obtained from the AgMERRA database (Ruane et al.
2015) (see points in Fig. 1). AGMERRA is an open-access
0.25°-resolution (~25 km) dataset. To estimate potential
evapotranspiration,  the  Thornthwaite = method
(Thornthwaite 1948) and AgMERRA temperature datasets
were used.

To estimate representative and distributed precipitation,
temperature and potential evapotranspiration in each
watershed, the inverse-distance weighting method (IDW)
(Lu and Wong 2008) was used. In addition, streamflow
records were obtained from the Diguillin at San Lorenzo
and Quino at Longitudinal gauging stations.

3 Methods

The HBV and HYMOD models were designed to func-
tion on a daily time step; however, in this study, both
models were adapted to run on a monthly time step.

3.1 HBV model

The HBV model is a semi-distributed conceptual snow-
rain water balance model. In this study, the simplified
version of this model developed by Aghakouchak and
Habib (2010) and based on Bergstrom (1992) was used.
The model simulates daily discharge based on daily
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precipitation, temperature and potential evapotranspira-
tion time series (Bergstrom 1992) and includes a snow
routine, a soil routine and a response routine (see con-
ceptual diagram in Fig. 2).

Precipitation is deemed to be snow or rain depending on
the temperature on the corresponding day above or below a
threshold temperature (TT). All precipitation is snow when
the temperature is below TT, and is multiplied by a snow
accumulation correction factor (Sg). All the snow contri-
butes directly to the snow storage (SS). If the actual tem-
perature is greater than TT, there will be snowmelt.
Snowmelt water is controlled by a degree-day factor
(Cinerr)> which determines the daily amount of melted
snow depending on the difference between the actual and
threshold temperatures. Subsequently, the sum of precipi-
tation and snowmelt (AP) passes to the soil routine, which
includes two modules. The first module calculates the
actual evapotranspiration (E,), which is equal to potential
evapotranspiration (PET) if the relationship between soil
moisture (SM) and field capacity (FC) (SM/FC) is above a
threshold value for potential evapotranspiration (LP).
However, for soil moisture values below LP the actual
evapotranspiration will be linearly reduced, as shown in
Fig. 2 (upper left corner).

To calculate evapotranspiration, Bergstrom (1992)
introduced a routine that incorporates a correction
factor (C) to obtain daily potential evapotranspiration
from daily mean air temperature and the long-term
PET and monthly temperature averages. For simula-
tions on a monthly time step, this routine was not

Summary of the soil moisture accounting
routine of the HBV model (Bergstrom, 1992)

AQ/AP=(SM/FC{; Ea/PET

Soil Moisture Soil Moisture

Precipitation
A

Snow Routne
Crmeit TT  S¢

Ea Snow Store

Soil Routine

AQ

FC

v

considered because it is not necessary to estimate
daily evapotranspiration values.

Subsequently, the model calculates runoff (AQ), which
depends on precipitation (AP), the actual water content
of the soil (SM), the maximum soil moisture (FC) and an
empirical coefficient (f8), which determines the relative
contribution of rain or snowmelt to runoff (see upper left
corner of Fig. 2). Finally, the runoff response routine
estimates the runoff at the watershed outlet. The system
consists of two storage compartments, one above the
other, which are directly connected to each other through
a constant infiltration rate (Qperc)-

The upper deposit has two outlets (Qy and Q),
while the lower deposit has one (Q,). When the water
level in the upper deposit exceeds a threshold value (L),
runoff is produced quickly in its upper part (Qp). The
response of the other outlets is relatively slow. The
streamflows are controlled by recession coefficients
ko, ki and k,, which represent the response functions
of the upper and lower deposits. The constant infiltra-
tion rate (Qperc) is controlled by a coefficient k.

In order to ensure that the surface runoff process is
quicker than the subsurface and groundwater runoff,
the initial value of ky must always be greater than k;. In
addition, the response of the third outlet (groundwater
runoff) (Q,) must be slower than that of the second
one (Q,); therefore, k, must be lower than k;
(Aghakouchak and Habib 2010). For a better under-
standing of the model, see Bergstrom (1992),
Lindstrom et al. (1997) and Seibert (2000).

Description Parameter

A: Precipitation modification parameter

Snow Routine

TT: Temperature threshold for snowmelt (normally 0 °C)
Chmelt: degree-day factor

S; : Snow accumulation adjustment factor

Soil Routine

FC: Maximum moisture (storage in the soil layer)

{3 : Distribution of soil moisture store

LP: Evapotranspiration reduction threshold (SM/FC)
Response Routine

L: Quick runoff response threshold

Ko : Quick response coefficient (upper deposit)

K, : Slow response coefficient (upper deposit)

K,: Lower deposit response coefficient

Kp: Maximum flow for percolation coefficient

Response Routine

Ko QF(UZ-L)*Ko
K

L Qi=UZK,

Ko § QuerdUZ*K,

RUNOFF

K QLz7K,

Figure 2. Conceptual diagram of the simplified HBV model, including description of its parameters and main equations.



3.2 HYMOD model

HYMOD is a simple conceptual hydrological model. It
was originally created as a parsimonious 5-parameter
model designed to function on a daily scale (Boyle
2001). The model consists of a variety of different
excess generation (interception, storage tension sto-
rage, free storage), percolation and streamflow routing
functions that can be put together in different combi-
nations to describe the different hydrological behaviors
of the watershed system (Boyle 2001). The input data
necessary to carry out simulations are precipitation
(mm) and potential evapotranspiration (mm).

The HYMOD model has been extensively used in
studies on streamflow, forecasting and model calibra-
tion (Wagener et al. 2004, Vrugt et al. 2008, Kollat
et al. 2012, Gharari et al. 2013, Remesan et al. 2013).
It uses an excess precipitation model with two para-
meters: maximum soil moisture capacity (FC) and the
degree of spatial variability of the soil moisture capacity
(8) (Moore 1985). This allows the effective precipita-
tion to be calculated, with potential evapotranspiration
(PET) and soil moisture capacity (SM) considered. A
portion of excess precipitation («) is then directed to
the quick flow reservoirs (with residence time K ) in
order to generate quick runoff (Qy). The quick flow is
represented by three quick-flow tanks that describe the
surface flow (Sun et al. 2015), as shown in Fig. 3. The
rest of the excess precipitation (1 — «) is directed to the
slow reservoir (with residence time K;) to generate slow
runoff (Q;). The flow of each reservoir is controlled by
the quick flow residence time (K,) and the slow

HYDROLOGICAL SCIENCES JOURNAL e 5

residence time (K,) (Kollat et al. 2012). The sum of
the slow and quick runoff totals is the streamflow of
the watershed (see Fig. 3). For more information about
the model, see Boyle (2001).

In the present study, to account for snowmelt pro-
cesses, the model was modified by incorporating the
simple degree-day method (Bergstrom 1972). In Fig. 3,
the model is shown with the snowmelt routine
included; the parameters of this routine are the same
as described in Section 3.1.

Table 1 shows the calibration parameter ranges used
for each model. The valid range of model parameters is
based on the conceptual representation of hydrological
processes and the equations that allow such processes
to be simulated. Parameter ranges of the HBV model
were defined following the values presented in Kollat
et al. (2012), who defined the maximum range of the
parameters to be used with the purpose of capturing a
large range of geographic and climatic conditions pre-
sent in 392 catchments that they examined. For
HYMOD, meanwhile, the selected parameter ranges
were those published by Sun et al. (2015). For both
models, 0°C was considered the threshold temperature
(TT) for the initiation of snowmelt.

In order to adequately represent the spatial variabil-
ity of precipitation and include the orographic effects
in the study basins, a precipitation adjustment factor
(A) was considered in both models. This factor allows
the model to obtain a long-term mass balance (Muiioz
et al. 2014) and thereby correct the underestimation of
precipitation resulting from the absence of records in
the highest parts of each basin.

Description Parameter

A: Precipitation modification parameter

Snow Routine

TT: Temperature threshold for snowmelt (normally 0°C)
Cmert : Degree-day factor

S : Snow accumulation adjustment factor

Precipitation
A

l Snow Routne
Crmet TT  S¢

PET Snow Store

l Soil Routine

Effective
precipitation ()

Soil Routine

FC: Maximun moisture (storage in the soil layer)

{8 : Distribution of soil moisture store

o : Factor of flow distribution between quick and slow reservoirs
Response Routine

K¢ : Quick response reservoir residence time

Kg: Slow response reservoir residence time

Quick Flow Reservoir

l

RUNOFF

Response Routine

Br-(1- )

Slow Flow Reservoir

Figure 3. Conceptual diagram of the HYMOD model, including description of its parameters and main equations.
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Table 1. Calibration parameter ranges for HBV and HYMOD
models.

Parameter (Units) HBV HYMOD
Mass balance
A 0.8-2.5 0.8-2.5
Snow routine
T (°Q) 0 0
Cretr (mm°C'd ™) 0.5-7 0.5-7
St 0.5-1.2 0.5-1.2
Soil routine
FC (mm) 0-2000 1-500
B 0-7 0-2
a - 0-1
LP 0.3-1 .
creC—1) 0.01-0.3
Response routine
L (mm) 0-100
ko(d™") 0.3-0.6
ki(d7") 0.1-0.2
ka(d™") 0.01-0.1
ko(d7") 0.01-0.1 -
Ke(d™") - 05-1.2
K(d™") 0.001-0.5

3.3 Process sensitivity analyses and model
calibration

In order to ascertain the dependence between the para-
meters and response of each model, an RSA was carried
out. To this end, the Matlab toolbox Sensitivity Analysis
For Everybody (SAFE) was used. This toolbox was con-
ceived for the application of multiple sensitivity analysis
(SA) methods in order to complement and validate indi-
vidual results, evaluate and review user decisions in the
application of each SA model and provide effective visua-
lization tools (Pianosi et al. 2015).

For the simulation and analyses, a calibration period
of six years (April 2000-March 2006) was used. The
first year of simulation was used to warm up the
model, and the results for that year were not included
in the subsequent analyses. In order to complement the
analyses, a validation was carried out for the April
2005-March 2010 period. As with the calibration, the
first hydrological year (April 2005-March 2006) was
used to warm up the model and the results were not
used for further analyses. According to Seibert and Vis
(2012), one year of warm-up is sufficient to accommo-
date the initial values of hydrological models.

Although 5 years of calibration (plus one of warm-up)
may be viewed as a short time window, acceptable or
satisfactory results have been obtained using the same or
a smaller span of data (e.g. Gupta et al. 2009, Cui et al.
2015). Most of the natural variability and seasonality in
the study area is well recorded in a 5-year timespan;
therefore, the main results should be representative of
such variability. For example, Harlin (1991) found that a
calibration period between two and six years was

sufficient to find optimal parameters for the HBV
model. Perrin et al. (2007) mentioned that good model
results can be obtained with approximately 350 days of
data chosen randomly within a longer period of time. In
the same line, Brigode et al. (2013) found that validation
efficiencies are generally similar to those obtained with a
3-year calibration period, indicating that wider calibra-
tion periods do not necessarily lead to more robust
parameter sets. However, one disadvantage that must
be addressed is that extreme scenarios (extreme wet
and dry years) would probably not be well represented
by the obtained results. Therefore, if such analyses are
pursued, a longer time period might be necessary to
perform them.

A total of eight scenarios were implemented. Each
comprises a combination of two watersheds, two mod-
els and two time scales of analysis. A total of 100,000
simulations of each of the scenarios were run, with
parameters in the ranges indicated in Table 1. The
results and parameters of each simulation were then
stored for subsequent analysis.

Behavioral/non-behavioral models can be defined as
models with an equally acceptable/non-acceptable
representation of the system under simulation, and
can be classified as models with a performance measure
better/worse than a threshold of eligibility (acceptabil-
ity) (Yilmaz et al. 2010). The sensitivity analysis was
carried out on the behavioral models, which were
defined as those with a Nash-Sutcliffe Efficiency
(NSE) index (Nash and Sutcliffe 1970) (Equation (1))
greater than 0.6.

Z?zl (Qsim - Q0)2
S (Qo — Qo)

NSE quantifies the differences between the simulated
(Qsim) and observed streamflows (Q) along with the
deviation of Q, with respect to the mean of the
observed streamflows (Qp). In a perfect model, there
are no differences between Q, and Qy; therefore, NSE
will equal 1. Meanwhile, as Qg,, differs more from Q,
NSE tends toward values less than 1.

A sensitivity index was calculated, which was defined
as the maximum vertical difference (MVD) between the
cumulative distribution functions (cdf) of the behavioral
and non-behavioral models for each parameter. The
MVD statistic uses the Kolmogorov-Smirnov two-sam-
ple test and both its asymptotic and small sample dis-
tributions are known for any continuous cumulative
distribution function (Spear 1980). The MVD index is
calculated according to Equation (2):

NSE =1 — (1)

MVD = max|(Spi — Snbi) ]| (2)
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where Sp; and S,;,; are the sample distribution functions
for behavioral and non-behavioral models, respectively.
The subscript i represents each parameter range.
Figure 4 shows an example of the MVD between two
cumulative distribution functions for a parameter i,
which has a range between -2 and 2. As the maximum
vertical difference increases, so does the sensitivity of
that parameter. Conversely, if MVD is equal to 0, both
cumulative distribution functions are equal, which sug-
gests insensitivity of the parameter, while if it is equal
to 1, the cdf will be mutually exclusive; thus, the para-
meter highly influences the quality of the results
(Pianosi et al. 2015) (i.e. the model is highly sensitive
to that parameter). Finally, for the model calibration,
the parameter values of the 50™ percentile of the beha-
vioral models were used.

4 Results and discussion

For the eight implemented scenarios, Fig. 5 shows the
MVD values and Fig. 6 shows box plots of the MVD
for low streamflows (streamflows below the 33" per-
centile, Qs3), medium streamflows (streamflows
between the 33" and 66" percentiles, Qgs) and high
streamflows (streamflows over the 66™ percentile,
Qi100).- In addition, Table 2 presents the calibration
parameters obtained for each model, along with the
associated NSE value.

In Fig. 5, it can be seen that the HBV model presents
greater sensitivity to parameter 3 on a daily time scale
than on a monthly time scale. In addition, this parameter
presents greater sensitivity in the HBV model in compar-
ison to HYMOD (Fig. 5(a) and (c)). This suggests that the
HBV model tends to identify, and, therefore, more ade-
quately represent, quick precipitation-runoff processes

HYDROLOGICAL SCIENCES JOURNAL e 7

such as flooding, with these processes being dominant
in obtaining behavioral models (parameter f3). This sen-
sitivity is more apparent when simulating on a daily time
scale in the HBV model (Fig. 5(a)). Because f3 also exhibits
sensitivity on a monthly time step, the slower, time-
aggregated response processes take on greater importance
(e.g. FC).

In addition, in the HYMOD model, the parameter
related to water distribution between quick and slow
reservoirs («) is that which exhibits the greatest sensi-
tivity, followed by the parameter associated with slow
runoff (K;) and then surface runoff (Ky). The foregoing
shows that independent of the time scale in the
HYMOD model, the slow response processes take on
greater importance than the quick streamflow genera-
tion processes. However, on a shorter time scale, the
relative importance (MVD) of parameter Ky increases,
which is associated with a quick watershed response.

Thus, it is deduced that the differentiation of surface
runoff and baseflow is a key process for obtaining
behavioral models. This is observed on monthly and
daily time steps in both models.

Regarding the optimum parameters found for each
watershed and time scale, parameter  in the daily
Diguillin/Quino watershed model showed an optimum
value of 0.546/1.138, versus 1.972/5.687 in the monthly
model (Table 2). That f3 is greater in the monthly model
implies that there is greater water retention in the soil.
Therefore, on a greater time scale (i.e. monthly), the
model responses become more lumped. Greater values
of 3 were obtained in HYMOD than in the HBV model.
This is in agreement with the results obtained in the
sensitivity analysis and shows that the HBV model is
more adequate for simulation of fast rainfall-runoft pro-
cesses than HYMOD. Therefore, the HBV model exhibits
comparative advantages over HYMOD for simulating
high streamflows (quick precipitation-runoff processes).

The quick runoff response structures of both HBV and
HYMOD prove to be different from each other. The HBV
model consists of one upper non-linear reservoir that
better captures different responses (Stoelzle et al. 2015).
The response structure and the greater sensitivity to quick
runoff processes of the HBV model result in a better
approximation of high streamflows (at daily time scale)
in comparison to the HYMOD model (see Qo in Fig. 6
(@), (c), (e) and (g)). Conversely, the HYMOD model
consists of one linear reservoir with three sub-reservoirs.
This structure represents a damped runoff response.
Therefore, this structure and the greater sensitivity to
damped processes than that of HBV results in a better
approximation of low streamflows (see Qs3 in Fig. 6(a),
(c), (e) and (g)). These results are in line with that which
is observed based on the MVD in Fig. 5.
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Figure 5. Mean maximum vertical difference (MVD) values between the cumulative distribution functions (cdf) for each parameter.
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Figure 6. Box plots of the MVD between the simulated and observed cumulative distribution functions for low (streamflows below
the 33rd percentile, Qs3), medium (streamflows between the 33rd and 66th percentile, Qgs) and high streamflows (streamflows

above the 66th percentile, Q;00).

With respect to parameter A, almost all of the developed
scenarios (seven of eight) showed sensitivity (MVD over
0.25 in Fig. 5) to this factor. This demonstrates the need to
correctly represent the precipitation input to the watershed.
In addition, it proved necessary in all of the scenarios to
enlarge the precipitation records by 3 to 54%, which shows
that the orographic effect was not correctly represented in
both watersheds with these characteristics (mountain
watersheds with hard-to-access high areas). Zuiiiga et al.
(2012) obtained similar results in the Diguillin River
watershed.

In both models and watersheds, the parameters
associated with slow runoff take on greater impor-
tance (sensitivity) on larger time scales (e.g. FC and
K, in the HBV model and K; in HYMOD). This
suggests that at greater time aggregation, better
representativeness of storage-release processes is
necessary, and, therefore, greater emphasis on
adequate representation of these processes is
required. The foregoing is confirmed with the cali-
bration values obtained for different time scales
(see Table 2).
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Table 2. Optimal parameters and objective function for the HBV and HYMOD (daily and monthly) models.

HBV model HYMOD model
Diguillin Quino Diguillin Quino

Parameter Daily Monthly Daily Monthly Daily Monthly Daily Monthly
Mass balance

A 1.239 1.086 1.542 1.032 1.237 1.250 1.255 1.320
Snow routine

T 0 0 0 0 0 0 0 0

Crnelt 3.665 3.723 3.662 3.661 3.708 3.238 3.767 3.288

St 0.863 0.852 0.855 0.798 0.839 0.850 0.856 0.852
Soil routine

FC 1172 763 1114 225 248 249 254 228

B 0.546 1.972 1.138 5.687 0.988 0.986 1.003 0.971

a - - - - 0.515 0.510 0.499 0.122

LP 0.667 0.644 0.716 0.549 - - - -

C 0.157 - 0.154 - - - - -
Response routine

L 473 49.5 64.7 52.8 - - - -

ko 0.457 0.445 0.430 0.417 - - - -

kq 0.151 0.150 0.148 0.149 - - - -

k, 0.051 0.052 0.054 0.044 - - - -

k, 0.057 0.057 0.059 0.052 - - - -

K¢ - - - - 0.748 0.749 0.750 0.751

K - - - - 0.274 0.272 0.271 0.399
Objective function

NSE Calibration 0.76 0.81 0.87 0.81 0.67 0.86 0.87 0.89

NSE Validation 0.68 0.72 0.76 0.81 0.49 0.51 0.70 0.76

In Fig. 5 it can be seen that the model outputs do
not exhibit sensitivity to parameters S; and Cpe
(MVD < 0.1) in either watershed or time scale, which
suggests that the effect of snowmelt on the magnitude
and variability of the streamflows in both watersheds is
small. This is probably because the both watersheds
have a small portion above the mean snow line
(Casassa 1995, Arumi et al. 2012).

In relation to medium streamflows (Qg), no clear
advantages in one model over another are observed
(Fig. 6) with regard to the daily and monthly time
scales. On a monthly time scale, smaller differences
are observed for the HBV model and the Diguillin at
San Lorenzo watershed in comparison to HYMOD,
while the HYMOD model presents smaller differences
in Qg in the Quino at Longitudinal watershed.

In comparing the performance of the HYMOD and
HBV models, we note that HBV presents negligible
differences (greater NSE) for maximum streamflows,
whereas HYMOD exhibits smaller differences for mini-
mum streamflows. It is likely that the lower capacity of
HYMOD to represent extreme events is due to its
simplicity, as mentioned in Quan et al. (2015). In
addition, the NSE values show that HYMOD tends to
simulate time-aggregated (i.e. monthly) variables with
greater accuracy, whereas HBV proves more suitable
for simulations on a daily scale.

Figure 7 presents the simulated streamflows for both
watersheds. It is seen that in general, both models
adequately simulate the observed streamflows; how-
ever, better performance of the HBV model in high

streamflows on a daily time scale is observed (Fig. 7(a)
and (c)), confirming the results obtained from the
sensitivity analysis.

Based on the calibration results, both models provided
satisfactory simulation results (see Table 2). With both
models, better results are obtained on a monthly time
scale than on a daily time scale, with NSE values over 0.8
(Table 2). In other studies, similar results have been
obtained with a better fit in monthly than in daily models
according to the objective functions (Behrends et al.
2011, Griffen 2014, Ytoui 2014). Meanwhile, Griffen
(2014) mentioned that with large streamflow variations,
models cannot simulate streamflows well; however,
aggregating them over time reduces the temporal
streamflow variability, which results in a better simula-
tion of them. Additionally, better NSE values are
achieved at monthly time steps with HYMOD, while
better simulation results are obtained at daily time-step
simulations with HBV. The simplicity of HYMOD
results in a disadvantage when representation of tempo-
rally variable hydrological processes is expected.
However, the increased complexity of models is accom-
panied by an over-parametrization, transforming the
hydrological model into a black box, where it may
become more complex to understand physical processes.
According to Orth et al. (2015), it is important that a
model has the appropriate complexity; if models are
overly complex, they suffer from over-parametrization,
but if they are too simple, they can miss relevant pro-
cesses. Added complexity does not necessarily lead to
improved performance of hydrological models, and
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Figure 7. Comparison of observed and simulated streamflows for (a) the Quino River at Longitudinal watershed on a daily time
scale; (b) the Quino River at Longitudinal watershed on a monthly time scale; (c) the Diguillin River at San Lorenzo on a daily time
scale; and (d) the Diguillin River at San Lorenzo on a monthly time scale.

performance can vary greatly depending on the consid-
ered hydrological variable or hydrological conditions.

Both models proved to be insensitive to parameters
associated with snowmelt. Therefore, both models are
suitable for rain-dominated basins, such as those of this
study. Orth et al. (2015) used three models (including
HBV) and noted that they consistently have difficulties
capturing snow- and ice-related processes.

Model robustness can be defined as the insensitivity of
model parameters to calibration data (Dakhlaoui et al
2017) and refers to the reliability of the model under
conditions other than those considered for calibration.
Regarding the validation results, better results (NSE
values) are obtained for the HBV model than for the
HYMOD model in all the cases analysed (Table 2), sug-
gesting that the HBV model is more robust than HYMOD.
This may be because the structure of the soil moisture
routine of the HBV model is more physically-based (and
therefore more adaptable to different watershed condi-
tions) than HYMOD. Bergstrom (2006) mentioned that
the most robust part of the HBV model is probably its soil
moisture accounting, which has proved very versatile in
applications all over the world. Similarly, Kollat et al.
(2012) concluded that in several cases the additional com-
plexity of HBV was sufficient to produce a well-identified
single solution, whereas the simple HYMOD was unable to
achieve a similar level of performance. In many catch-
ments, the additional HBV model parameters allow it to
outperform the more empirical HYMOD model. They also
concluded that HBV performs better in terms of NSE.

The average difference between calibration and vali-
dation is — 0.07 for HBV, while for HYMOD it is -

0.21, suggesting that, although HYMOD is a simpler
model and could be more efficient for monthly time-
step simulations, it tends to be less robust in compar-
ison to HBV. Therefore, for medium- or long-term
studies the HBV model may be more accurate.

5 Conclusions

The HBV and HYMOD models were implemented in
the watersheds of the Diguillin and Quino rivers on
daily and monthly time scales. The results allowed
differences and comparative drawbacks of each model
to be identified. The processes associated with a quick
runoff response (high streamflows) proved to be more
sensitive in the HBV model than in the HYMOD
model, facilitating a better representation of these pro-
cesses and therefore greater accuracy in the simulation
of high streamflows. Similarly, HYMOD presented
high sensitivity to slow-response or storage-release pro-
cesses in both watersheds, with a consequent advantage
over the HBV model in the simulation and representa-
tion of low streamflows. This latter aspect, along with
the high sensitivity of K, associated with the slow
response of the watershed, indicates that the HYMOD
model is more suitable for time-aggregated variables in
comparison to the HBV model.

In both models, groundwater release processes
appeared to be more sensitive at monthly than daily
time scale. This suggests that on a monthly time scale,
streamflows in the study watersheds are more stable
(time aggregated) and these must be correctly repre-
sented to qualify as behavioral models.



The HBV model proved to be more suitable for
modelling on a daily time scale since it is very sensitive
to quick precipitation-runoff processes in comparison
to HYMOD. In addition, HYMOD better simulates the
slow responses of a watershed, making it more suitable
for analysis on a monthly time-scale. HBV is a more
complex model with a greater number of parameters
than HYMOD; therefore, it requires more computa-
tional resources for the calibration stage.

The NSE values obtained for the validation stage,
together with the model analysis, suggest that the HBV
is a more robust model than HYMOD. The HYMOD
performance measurements tend to move away (to
worse values) from the values obtained for calibration;
therefore, caution is necessary when HYMOD is to be
used for medium- and long-term analyses where cli-
matic conditions differ too much from those consid-
ered for calibration because the model could tend to
behave as an unsatisfactory or non-representative
model of the basin and the simulated processes.

It is recommended that HBV be used for simula-
tions on a daily time scale and HYMOD on a monthly
time scale. The latter presents an advantage in being a
parsimonious model that is easier to calibrate.
However, caution is necessary when HYMOD is to be
used for medium- and long-term predictions because it
did not prove to be a very robust model and therefore
may not be adequate for such simulations.
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