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Quantitative analyses of empirical data requirements for hydrological simulations are rare. This study aims to
analyze how a multi-objective optimization framework and information content computations aid in quantifying
ﬁeld-scale data worth in drainage studies. The results showed how a 1D numerical model and a diﬀerential
evolution algorithm performed in describing the ﬁeld water balance. The choice of the optimization target
(subsurface drain discharge and surface runoﬀ) impacted the simulation results more than parameter deviations.
While the information content of surface runoﬀ data was higher than that of drain discharge, drain discharge
data contained more information on most of the soil parameters. Uncertainties related to groundwater outﬂow
data, which were not used in the optimization, were higher than those of drain discharge and surface runoﬀ. A
central weighing optimization scheme with two data types produced the best but still incomplete description of
the ﬁeld hydrology. Despite the modest model performance, the results demonstrated how the choice of empirical data and optimization strategy can lead to uncertainties in drainage simulations and how the uncertainties can be assessed. Practically, a low amount of information and a parameter sensitivity analysis can
lead to a biased description of uncertainty related to such hydrological variables which are not used in the
optimization. Beneﬁts of the modeling framework were shown when assessing (1) model structure adequacy
with the Pareto front analysis, (2) information content of diﬀerent data types regarding diﬀerent parameters, and
(3) uncertainties related to simulating hydrological variables based on optimization against a given data type.
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1. Introduction
Assessing empirical data requirements for hydrological model analyses is an important part of conducting reliable simulations, but such
requirements are rarely quantiﬁed. Agricultural land drainage, which
has been studied for over a century (Jin and Sands, 2003), serves as a
concrete example of a hydrological problem that has been widely studied using ﬁeld measurements and simulation models. However, it is
not clear what the best way to combine measurements with simulations
is, and what the implications of the related uncertainties are. Land
drainage is currently facing new challenges due to changing climate
and rival land uses. Improved understanding of data requirements can
lead to more reliable hydrological impacts assessments.
In northern conditions, drainage practices have traditionally been
implemented in agricultural ﬁelds to provide optimal traﬃcability and
soil moisture conditions for crop growth during wet spring and autumn

periods (e.g., Blann et al., 2009). However, considering environmental
impacts of agriculture (e.g., Tilman et al., 2011; Blann et al., 2009), a
drainage design also oﬀers an opportunity to control environmental
load generation (Sands et al., 2015; Skaggs et al., 2005; Mendez et al.,
2004; Morrison et al., 2013; Skaggs and Chescheir, 2003). Designing
sustainable land drainage is among the measures to adapt to the climate
change, which is expected to increase the frequency of mild winter
occurrence (Räisänen, 2008; Gillett et al., 2003) and environmental
loads to surface waters (e.g., Meier et al., 2012), and thus to challenge
the current drainage procedures.
While assessing hydrological processes by empirical means is a
highly laborious and costly task, combining numerical models with
empirical data provides improved means to evaluate relevant processes.
Diﬀerent numerical modeling approaches (e.g., De Schepper et al.,
2017; Turunen et al., 2013; Singh et al., 2006; Boivin et al., 2006) have
been previously developed and applied to describe hydrology of
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drained ﬁelds. Despite the advances in numerical modeling, empirical
data is inherently needed for model parameterization, calibration, and
validation purposes (Silberstein, 2006).
Estimation of empirical data requirements for a robust model assessment is often not systematized but assessed a priori by expert
knowledge, which inherently involves a degree of subjectivity. The
degree of subjectivity could be decreased by exploiting methodologies
to quantify information content and worth of diﬀerent observations
with respect to the studied phenomena. For example, in earlier studies,
Rozemeijer et al. (2010) demonstrated the importance of drain discharge observations for model ﬂow route simulations. Leaf (2017)
further studied model-data relations and showed how simulations could
be applied to identify such observations which would reduce model
predictive uncertainties the most. Also, Vrugt et al. (2001) showed a
methodology to quantify the information content of diﬀerent observations. The data worth of diﬀerent observations could be further analyzed by calibrating a model against diﬀerent data types one by one and
assessing how accurately diﬀerent hydrological variables can be reproduced based on a chosen data type. The above quantitative methods
oﬀer approaches to identify hydrologically relevant data (e.g., Loritz
et al., 2018) and consequently to set a robust frame for the design of
appropriate ﬁeld-scale measurement campaigns for simulation studies.
Regarding drainage design studies, the data worth of diﬀerent observations has been rarely quantitatively assessed (Guillaume et al.,
2019; Kikuchi, 2017). Moreover, it has been recently suggested that
information quantiﬁcation could formulate a more robust and formally
appropriate approach to provide model-based knowledge as compared
with traditional uncertainty analyses (Nearing and Gupta, 2018;
Nearing et al., 2016). Data worth analyses can be considered to be inherently diﬀerent from widely applied sensitivity analyses (Nearing and
Gupta, 2018). The implications of data worth analyses on practice-oriented and concrete modeling cases, such as land drainage, would be
worth studying.
This study aims to analyze how numerical modeling, a multi-objective optimization framework and information content analyses (e.g.
Vrugt et al., 2001) can be applied to quantitatively describe ﬁeld-scale
data worth in the context of agricultural land drainage. The studied
data types include measured subsurface drain discharge and surface
runoﬀ time series. Drain discharge measurements are available from
numerous research sites and they are more easily set up compared to
surface runoﬀ monitoring. This study is motivated by the need to ﬁnd
out which one of these measurements is more valuable from the
viewpoint of data worth.

onwards. Thus, the hydrological data was 11 years long. The monitored
hydrological variables used in the current study were subsurface drain
discharge and surface runoﬀ. Surface runoﬀ was collected with gravel
trenches (depth 0.4 m) to a subsurface drain pipe, which conveyed the
water to the measurement station. At the station, surface runoﬀ and
subsurface drain discharge were separately measured with Datawater
WS vertical helix meters (Maddalena, Povoletto, Italy) at the pipe
outlets. The outﬂow variables were measured with a time resolution of
15 min. The area of the monitored drain network was 1.7 ha, and the
area from which surface runoﬀ was collected was 1.2 ha.
Precipitation was measured on-site with a time resolution of 15 min.
Other meteorological variables (air temperature, air relative humidity,
and short-wave radiation) were available from a nearby (7 km from the
site) observatory of the Finnish Meteorological Institute. All data were
aggregated into daily time-steps for the simulations. More detailed information on the site and the data is available in Turunen et al. (2013)
and Vakkilainen et al. (2010).
2.2. Model
The ﬁeld hydrology was modeled using the HYDRUS model
(Šimůnek and van Genuchten, 2008) due to its capability to describe
preferential ﬂow, generation of subsurface drainage and surface runoﬀ,
as well as other relevant hydrological processes in the snow-aﬀected
Nummela agricultural ﬁelds. HYDRUS is a modular 1D process-based
model, and its numerical solution is based on linear ﬁnite element
schemes. The vertical 1D model was assumed to provide a suﬃcient
description of the ﬂat Nummela ﬁeld (e.g. Salo et al., 2015; Li et al.,
2014). The time derivative is solved with a fully implicit discretization
using the Picard iterative solution scheme.
In this study, the soil water ﬂow was described with the dual-porosity module of the model, where the pore space is partitioned into
mobile (inter-aggregate) and immobile (soil matrix) regions:

∂θmo
∂ ⎡
∂h
K (h) ⎛
=
+ 1⎞ ⎤ − Smo − Γ
∂t
∂x ⎢
⎝ ∂x
⎠⎥
⎣
⎦

(1)

∂θim
= −Sim + Γ
∂t

(2)
−3

where θmo and θim are the soil water content [L L ] in the mobile and
immobile regions, respectively, x is the vertical spatial coordinate [L], K
(h) is the hydraulic conductivity, h is the pressure head [L], Smo and Sim
are sink terms for the two regions [T−1] and Γ is the transfer rate of
water from the mobile to immobile regions [T−1]. Throughout the text,
the subscripts mo and im are used to refer to the mobile and immobile
pore regions, respectively. Water retention and unsaturated hydraulic
conductivities were computed using the van Genuchten (1980)
schemes.
The water transfer between the two regions was described with the
following equation:
3

2. Materials and methods
2.1. Drained ﬁeld site and empirical data
The Nummela experimental ﬁeld is located in Southern Finland
(WGS84: 60°51′59″N, 23°25′50″E). Data of the studied ﬁeld section
with an area of 1.7 ha was utilized in this study. The ﬁeld has a heavy
clay (particle size < 0.002 mm) soil with the mean clay content of
≥66% (Vakkilainen et al., 2010). The ﬁeld section is ﬂat, with a slope
of < 1%. The ﬁeld was cultivated with oats and barley during the
measurement campaigns. Preferential ﬂowpaths dominate water ﬂow
in the clayey soil and allow relatively rapid drainage of the ﬁelds during
rain storm and snowmelt events (Turunen et al., 2015; Turunen et al.,
2013).
The ﬁeld section (C in Turunen et al., 2013) was initially subsurface
drained in 1952 with a drain spacing of 16 m, a drain depth of 1 m, and
an inner drain diameter of 0.05 m. In June 2008, new supplementary
drains were installed between the old drain lines, resulting in a drain
spacing of 8 m. Gravel was used as an envelope material, and gravel
deposits were installed every 7 m (Turunen et al., 2013; Vakkilainen
et al., 2010).
The hydrology of the ﬁeld section was monitored from May 2007

Γ = α (hmo − him)

(3)
−1 −1

where α is the ﬁrst-order mass transfer coeﬃcient [L T ]. When the
groundwater level was above the subsurface drain depth, drain discharge was described as Kroes et al. (2008):

qdr = −

hdr
γdrain

(4)
−1

where qdr is the drain discharge [LT ], hdr is the height of the watertable [L] above the drain depth at the midpoint between the drain
lines, and γ drain is the drain entrance resistance [T], which was calculated as:

γdrain =

2
Ldr
+ γentr
8KhBot Deq + 4KhTop hdr

(5)

where Ldr is the drain spacing [L], KhBot and KhTop are the horizontal
2
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saturated hydraulic conductivities [LT−1] below and above the drain
system, respectively, Deq is the equivalent depth [L], and γ entr is the
drain entrance resistance [T]. Deq was calculated with the method of
van der Molen and Wesseling (1991).
The impact of groundwater ﬂow on the studied area was calculated
using the equation of Hopmans and Stricker (1989):

qgw = −Aqh exp(−Bqh hb)

time to assess how accurately the other data type can be predicted
based on the calibration against one data type. This approach was
considered useful since it shows the boundaries of the possible Pareto
frontier in the model solution space (e.g. Madsen, 2003) and can thus
help to understand model-data relations and data worth (Mertens et al.,
2006). In the third step, the information content of the two data types
with respect to diﬀerent parameter was quantiﬁed based on prior and
posterior parameter variations (e.g. Vrugt et al., 2001; Leaf, 2017). This
was done to compare how accurately diﬀerent parameters can be
identiﬁed based on a data type. The combination of the above computations was assumed to give a reasonable understanding of modeldata relations and the results describe data worth in the current study
(Fig. 1a). Thereafter, traditional parameter sensitivity analysis was
conducted to assess how the uncertainties related to the choice of data
compare with the parameter sensitivity. The modeling approach and
the setup are described in more detail below in Sections 2.3.2-2.3.6 and
Fig. 1a.

(6)
−1

−1

where qgw is the groundwater seepage ﬂux [LT ], Aqh [LT ] and Bqh
[L−1] are empirical parameters, and hb [L] is the depth of the water
table below the surface of the simulated proﬁle. The seepage ﬂux is
assigned to the bottom node of the proﬁle. By simultaneously having
both drain discharge and groundwater seepage processes active, the
model version diﬀers from the standard model version of Šimůnek et al.
(2008).
The model describes snow accumulation by assuming that all precipitation is in the form of snow when the air temperature is lower than
−2 °C. Linear transition is set to control the form of snow between
temperatures of −2 and 2 °C. All precipitation is considered to be in the
liquid form for temperatures higher than 2 °C. Snowmelt is described
with a degree-day approach where the snow layer melts proportionally
to the air temperature greater than 0 °C multiplied with a degree-day
coeﬃcient D [LT−1]. Evapotranspiration from the soil inﬂuences the
layers within the root zone and is given as a precomputed time series
(Turunen et al., 2015).

2.3.2. Temporal data, spatial discretization, timestepping and boundary
conditions
Since most water outﬂow at the study site occurs outside the
growing seasons (e.g. Turunen et al., 2015), two dormant season periods were chosen for the model application. In this study, the simulations were focused on two autumn–winter-spring periods with prevailing high North Atlantic Oscillation indices, characterizing mild
winters that are presumable typical of future winter conditions under
climate warming (e.g. Gillett et al., 2003). The periods were Sep 2011 –
Apr 2012 and Sep 2014 – Apr 2015 for the model calibration and validation, respectively.
Computational time steps were set to vary between 0.00001 and
0.1 days in the simulations with the dynamic time-stepping scheme of
HYDRUS (Šimůnek et al., 2008). Spatially, the ﬁeld was described using
a 2 m deep 1D proﬁle that was discretized using a 0.02 m spacing.
System-dependent boundary conditions were set at the top and bottom

2.3. Model application
2.3.1. Modeling approach
The data worth analysis was started with calibrating and validating
the model against two data types (drain discharge and surface runoﬀ) to
assess the model performance for describing key hydrological processes
in the studied site (step 1 in Fig. 1a). In the second step, the model was
calibrated against one data type (drain discharge or surface runoﬀ) at a

Fig. 1. (a) A short description of the data worth analysis steps and (b) a schematic presentation of the structure (boundary conditions and key processes included) of
the 1D model setup.
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Vi, G + 1 = PR1, G + F (PR2, G − PR3, G ), R1 ≠ R2 ≠ R3 ≠ i

of the proﬁle (Šimůnek et al., 2008). At the top, the atmospheric condition was controlled by precipitation, evaporation and h at the soil
surface. At the bottom, the boundary was described by the sum of Eqs.
(4) and (6) (drain discharge and groundwater seepage, respectively). A
schematic presentation of the boundary conditions and key processes
included in the model is shown in Fig. 1b.

where i, R1, R2, and R3 denote randomly selected vectors among the
population, F is the mutation factor and G is the generation number.
The parent vector Pi,G and the mutant vector Vi,G+1 are merged into a
trial vector Ui,G+1 parameter-wise as follows:

Vi, k, G + 1, if R ≤ CR or k = Rk
Ui, k, G + 1 = ⎧
otherwise
⎨
⎩ Pi, k, G ,

2.3.3. Multi-objective optimization
The model was calibrated against multiple data types using the
diﬀerential evolution algorithm. The data type term refers to measurements of diﬀerent hydrological phenomena. The two data types in
this study included cumulative surface runoﬀ and drain discharge.
Regarding the objective function, the widely used root mean square
error (RMSE) was chosen to describe the diﬀerence between the simulated and observed time series (fj [L]). Individual objective functions
were formed by compensating diﬀerences in the magnitude of the two
series by normalizing the RMSE values by the standard deviation of the
data (nRMSE) and further by transforming the distance of the nRMSEs
from the origin near the optimum (e.g., Köhne et al., 2011; Mertens
et al., 2006; Madsen 2003):

Fj =

fj
σj

+ φj , j = 1, 2

⎜

(11)

where Uik,G+1 is the resulting trial vector parameter, k is the parameter
index in a vector, R ∈ [0,1] is a random number, CR ∈ [0,1] is the
crossover parameter, and Rk is a randomly selected index. A new R is
generated for each k, but Rk is common for each k of the trial vector.
Thus, Rk ensures that at least one parameter is obtained from the mutant vector. The trial vector Ui,G+1 replaces the parent vector Pi, G if the
objective function value of the trial vector equals or is lower than the
value of the parent. In the current study, the algorithm was set to stop
when the standard deviation of the population objective function values
was lower than 1% of the mean population objective function value.
The parameters F and CR were set to the value of 0.8 following
Gurarslan and Karahan (2015). Diﬀerent population numbers (20, 40,
and 60) were tested to address their impact on the optimization results.
The population number had practically no impact on the results, and
the population number of 40 was used in the optimizations. Initialization of the population was performed using the Latin Hypercube sampling. Non-convergent simulations were given a very high objective
function value. Also, since running a successful simulation typically
took only a couple of seconds, simulations taking more than 30 s were
aborted and considered non-convergent, following Brunetti et al.
(2016).

(7)

where Fj is the individual objective function, σj is the standard deviation
of the data [L] associated with f j , φj is the transformation constant, and
j denotes diﬀerent objectives (e.g., drain ﬂow and surface runoﬀ). φj
was calculated as follows (e.g., Köhne et al., 2011; Mertens et al.,
2006):

fj
f f
φj = max ⎛ 1 , 2 ⎞ − , j = 1, 2
σ
σ
σ
j
⎝ 1 2⎠

(10)

⎟

(8)

2.3.5. Model setup and calibrated parameters
The spatial domain of the model was set to consist of ﬁve soil
horizons with distinct soil properties: 0–0.2, 0.2–0.4, 0.4–0.6, 0.6–1.0,
and 1.0–2.0 m. The soil hydraulic parameters for the soil matrix (immobile zone) were derived from Turunen et al. (2015), as listed in
Table 1.
Based on previous studies in clayey ﬁelds in southern Finland, it was
assumed that in addition to the soil hydraulic parameters in Table 1,
water ﬂow in the ﬁeld was mostly controlled by the hydraulic properties of the macropore system, the parameters of the subsurface drainage
system, and the parameters controlling groundwater outﬂow from the
ﬁeld (Warsta et al., 2013; Turunen et al., 2013). Eight parameters were
chosen to describe these features, and plausible parameter value ranges
were identiﬁed from the literature. The saturated hydraulic conductivity (Ksat) of the mobile zone was computed as a product of a
conductivity multiplier (Ksat,mul [L T−1]) and θs_mo (Table 1) following
Warsta et al. (2013) and Larsbo and Jarvis (2003). The calibration
parameters and their ranges are given in Table 2. The van Genuchten
shape parameters for the mobile zone were adopted from Gärdenäs
et al. (2006).

The transformation constant keeps each individual objective function the same distance from the origin and thus balances their contributions in the aggregated objective function. The actual aggregated
objective function (Fagg ) was then formed by aggregating the individual
objective functions following the central weighing scheme (Ocw)
(Mertens et al., 2004; Madsen 2003):

Fagg = wF1 + (1 − w ) F2

(9)

where w is the weighting coeﬃcient, which is given a value of 0.5 in the
central weighing scheme.
2.3.4. Diﬀerential evolution
The optimization was conducted with the metaheuristic diﬀerential
evolution algorithm (DEA), which is considered to be an eﬀective
global optimization method (e.g., Storn and Price, 1997) and has previously been successfully implemented in several hydrological modeling studies (e.g., Gurarslan and Karahan, 2015; Ayvaz and Gurarslan,
2019; Karterakis et al., 2007).
The DEA starts by setting a number of candidate solutions in a
model parameter space. The algorithm considers each population
member as a vector of parameters and evaluates the ﬁtness of the population members with a given objective function (Eq. (9)). The search
converges towards the global minimum by stochastically combining the
parameters of population members by adding weighed diﬀerences between two population vectors to a third vector. If the resulting vector
has a lower objective function value than a chosen older (parent)
vector, the new vector replaces the old vector. Thus, the population
members self-organize towards the global minimum. There are numerous diﬀerent approaches to apply the DEA (e.g., Storn and Price,
1997). In the current study, the so-called DE/rand/1/bin (Storn and
Price, 1997) strategy is applied, following Gurarslan and Karahan
(2015). The approach is presented shortly below.
In the algorithm, a mutant vector Vi,G+1 is created for each population parent vector Pi,G during each generation:

Table 1
The soil hydraulic parameters for diﬀerent soil depths.
Parameter
Depth [m]

θs_im [–]

θr_im [–]

αim [m−1]

nim [–]

θs_mo [–]

0.0–0.2
0.2–0.4
0.4–0.6
0.6–1.0
1.0–2.0

0.529
0.539
0.534
0.534
0.534

0.1
0.1
0.1
0.1
0.1

2.886
0.412
0.679
0.679
0.679

1.149
1.161
1.127
1.127
1.127

0.0336
0.0023
0.0034

m
m
m
m
m

θs_im, θr_im, αim, and nim are parameters of the van Genuchten (1980) model for
the immobile pore system (θs_im and θr_im are saturated and residual water
contents, and αim and nim are the shape parameters).
θs_mo is a parameter for the mobile pore system.
4
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Table 2
Calibrated parameters and ranges used in model optimization.
Parameter

Symbol

Ksat multiplier
θs_mo (depth 0.6–1.0 m)
θs_mo (depth 1.0–2.0 m)
Tortuosity
Mass transfer coeﬀ. in Eq. (3)
Parameter in Eq. (6)
Parameter in Eq. (6)
Drainage resistance

Range

Reference value source
−1

Ksat,mul
θs_mo_1
θs_mo_2
l
α
Aqh
Bqh
γ entr

120…1920 [m d ]
0.0001…0.0031 [m3 m−3]
0.0001…0.0031 [m3 m−3]
−1.0…1.0 [–]
0.001…0.1 [m−1d−1]
0.00001 …0.1 [md−1]
0.001 …10.0 [m−1]
10…250 [d]

Salo et al. (2017)
Turunen et al. (2013)
Turunen et al. (2013)
Schaap and Leij (2000)
Gärdenäs et al. (2006)
Hopmans and Stricker (1989)
Hopmans and Stricker (1989)
Kroes et al. (2008)

2.3.6. Data worth and sensitivity
To assess uncertainties related to the possibly Pareto-optimized solution, the model was also optimized separately against the discharge
data type (Odr) and the runoﬀ data type (Or), i.e., by setting φ to 0 (Eq.
(7)) and w to 0 or 1 (Eq. (9)) when optimizing against drainage or
surface runoﬀ data, respectively. The purpose of the analysis was to
explore the Pareto front extremes and, consequently, to analyze how
weighing of individual objective functions aﬀected the solution (e.g.,
Madsen 2003).
To further analyze the role of two diﬀerent calibration data types in
the model optimization and model-data interactions, their information
content was analyzed similarly as by Vrugt et al. (2001):

ICm (p) = 1 −

σ (p)m
σ (p)

(12)

where ICm(p) is information content of measurement m regarding
parameter p, σ(p)m is the standard deviation of parameter p in the accepted (behavioral) simulations with respect to measurement m and
σ(p) is the standard deviation of the parameter in the initial parameter
ranges. Thus, an ICm(p) value close to one indicates that the information content of measurement m regarding parameter p is high. An ICm
(p) value near zero indicates a low information content. Information
contents were analyzed with a simulation test where the parameter
ranges were set as in Table 2. Then, 80,000 simulations were conducted
using the Latin Hypercube approach and such simulations, which had
the nRMSE < 1.0, were considered behavioral in the information
content calculation (Eq. (12)).
The sensitivity of the solution optimized with Ocw (the central
weighing scheme) to parameter deviations was assessed with a global
sensitivity analysis where the calibrated parameters were altered
by ± 10%. The model realizations were conducted using the Latin
Hypercube Monte Carlo sampling. Following Brunetti et al. (2016),
5000 realizations per parameter were assumed to be suﬃcient to reasonably explore the model parameter space. Thus, the analysis was
conducted with 40,000 (8 parameters and 5000 realizations) model
runs.

Fig. 2. The dominated and optimized solutions in the model solution space.
Table 3
The optimized parameter values with the diﬀerent optimization objectives.
Parameter

Central weighing
scheme

Drain discharge
objective

Surface runoﬀ
objective

Unit

Ksat,mul
θs_mo_1
θs_mo_2
l
α
Aqh
Bqh
γ entr

125.9
0.0022
0.0002
0.53
0.053
0.0002
0.37
244.6

122.0
0.0029
0.0005
0.71
0.039
0.0026
1.75
78.0

132.1
0.0008
0.0002
0.98
0.075
0.0012
8.76
239.8

[m d−1]
[m3 m−3]
[m3 m−3]
[–]
[m−1d−1]
[m d−1]
[m−1]
[d]

outﬂow (37 mm) and soil water storage change (19 mm). Thus, drain
discharge was clearly the dominant water balance component. During
the simulation, the groundwater table depth ﬂuctuated between the soil
surface and the depth of 1.4 m. The validation results were qualitatively
similar to the calibration results, but the model overestimated drain
discharge and underestimated surface runoﬀ (Fig. 3).

3. Results
3.1. Calibration and validation
The DEA optimization resulted in nRMSE of 0.19 and 0.18 for drain
discharge and surface runoﬀ, respectively, after 81,831 model realizations (Fig. 2). The resulting model parameters are given in Table 3. The
optimum is located at the sharp edge of the model solution space (blue
circle in Fig. 2). The Pareto front was found to be unsymmetrical, with
considerably longer Euclidean distance between the optimum of Ocw
and Odr (dark green circle in Fig. 2) than between Ocw and Or (light
green circle in Fig. 2).
The measured and simulated cumulative drain discharge and surface runoﬀ for the calibration and validation periods are illustrated in
Fig. 3 with the corresponding evaluation criteria. Other key water
balance components were evapotranspiration (71 mm), groundwater

3.2. Sensitivity and information content analyses
Simulation results can be considered to be rather conservative with
respect to parameter deviations, since in qualitative terms, they do not
cause pronounced changes in the distribution of the two water balance
components (Fig. 4). Simulation results were found to be less sensitive
to parameter deviations than to the choice of the optimization objective
(Fig. 4), i.e., to the choice between the extremes of the Pareto front, as
shown in Fig. 2. Regarding the impact of the optimization approach
(i.e., Odr or Ocw) on outﬂow components, the accumulated surface
runoﬀ for Odr diﬀered by −63 mm from the one for Ocw. Cumulative
drain discharge for Or diﬀered by 28 mm from the one for Ocw.
5
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4. Discussion
Model optimization with the diﬀerential evolution algorithm, central weighing scheme and the two objectives resulted in a reasonable
reproduction of the measured variables, but there were periods with a
clear mismatch, more often during validation than calibration. The
mismatch partly indicates epistemic uncertainties, such as meteorological data inconsistent with hydrological measurements or limited
knowledge of system dynamics. While epistemic uncertainties are difﬁcult to quantify (e.g., Beven 2016), data worth of the partly incompletely measured variables is the remaining question which our
analysis aimed to answer.
The sharp edge of the Pareto front (Fig. 2) indicated that optimizations with two objectives did not induce a signiﬁcant decrease in the
goodness of a single-objective optimum. Such an ability to simultaneously optimize two objectives is an indication of an adequate model
structure regarding simulations of studied phenomena (Mertens et al.,
2006). The Euclidean distance between the optimum and the origin
indicates the magnitude of modeling and measurement error, which can
be considered small compared with the variance of the data (Fig. 2).
The applied multi-objective framework can be used to partly demonstrate the adequacy of a model structure. The value of the approach is
highlighted by the fact that such an assessment is practically impossible
with a traditional model calibration–validation framework.
Optimization with only one objective led to a reasonable description
of that variable, but to uncertainties regarding other studied variables.
Rozemeijer et al. (2010) showed how drain discharge data could be
more important than groundwater level data when simulating water
outﬂow pathway contributions. Our results further pointed out that
when optimizing surface runoﬀ (Or) it was possible to estimate drain
discharge slightly more accurately than it was to estimate surface runoﬀ
when optimizing drain discharge (Odr) (Fig. 4). On the other hand,
optimization with the surface runoﬀ objective (Or) resulted in an unreasonably low (8 mm) estimate of groundwater outﬂow, as compared
with earlier studies on the site (Turunen et al., 2015; Turunen et al.,
2013). This distinction was also reﬂected in the overestimation of simulated drain discharge in the Or scheme in the current study. Only the
central weighing scheme resulted in a reasonable description of all
considered outﬂow ﬂuxes. Regarding model outputs, relatively high
uncertainties in data types not used in model calibration were previously reported by Højberg and Refsgaard (2005) in a groundwater
simulation study. Intensive ﬁeld-scale data sets with various hydrological data types could be analyzed with the current approach to show
how accurately diﬀerent variables can be predicted based on another
variable. In other words, the approach can practically help quantify the
worth of diﬀerent data and, consequently, to identify which data is

Fig. 3. Measured and simulated drain discharge and surface runoﬀ during (a)
calibration and (b) validation.

Similarly, diﬀerences in simulated groundwater outﬂow were considerable for diﬀerent optimization approaches, i.e., groundwater outﬂow was 37 mm for Ocw, 126 mm for Odr, and 8 mm for Or. Diﬀerences
in the parameters controlling the amount of groundwater outﬂow (i.e.,
Aqh and Bqh in Table 3) explained diﬀerences in the amount of simulated
groundwater outﬂow.
Regarding the information content of the diﬀerent observations, the
mean ICm(p) values for all parameters were 0.05 and 0.19 for Odr and
Or, respectively. The number of converged realizations with the nRMSE
below the threshold of 1.0 was 43,603 and 540 for Odr and Or, respectively. The Monte Carlo process was considered to converge based
on the mean information content and outﬂow values shown in Fig. 5.
Regarding individual parameters, the ICm(p) values are shown in
Table 4. The results showed that the surface runoﬀ data type contained
more information for θs_mo_1, Aqh, and γ entr than drain discharge data
type, while the drain discharge data contained more information for
remaining parameters than surface runoﬀ data. The information content was the highest regarding Aqh and γ entr when the surface runoﬀ
objective was used, and regarding Bqh when the drain discharge objective was used. Information contents were lowest regarding Ksat,mul,
θs_mo_2, I, and α. Note that parameter ranges of accepted simulations
were relatively wide (Table 4 vs. Table 2).

Fig. 4. Simulation results for cumulative ﬂuxes (drain discharge and surface runoﬀ) and their deviations due to the choice of the model optimization strategy and the
sensitivity analysis.
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Fig. 5. The convergence of mean cumulative outﬂow and information content for (a-b) drain discharge and (c-d) surface runoﬀ during the Monte Carlo process. Red
lines denote the mean value and blue lines the value of an individual realization. (For interpretation of the references to colour in this ﬁgure legend, the reader is
referred to the web version of this article.)

the soil entered the trench in addition to the runoﬀ from the ﬁeld
surface. Thus, the information content analysis may include such
epistemic uncertainties.
The computational concept could be further applied to study information contents during a range of diﬀerent periods, as the nature of
data worth can be partially dynamic (Loritz et al., 2018; Vrugt et al.,
2001). For example, during growing seasons when groundwater outﬂow dominates the total outﬂow (e.g., Turunen et al., 2013) it is likely
that data types describing subsurface hydrological observations have
higher information content than for example surface runoﬀ. This points
out the importance of considering the timing of monitoring periods
when conducting a data worth analysis.
The information content analysis also showed how much diﬀerent
data types contained information about diﬀerent parameters. The
highest diﬀerence between the two data types was found in the parameters controlling groundwater outﬂow and drainage resistance.
Unexpectedly, the surface runoﬀ data constrained the range of the
drainage resistance values considerably more than the drain discharge

relevant for a hydrological analysis.
The simulations further showed how a model framework could be
set up to quantify diﬀerences in information contents of diﬀerent data
types. The information content of surface runoﬀ observations was
higher than that of drain discharge observations. However, regarding
parameters describing soil hydraulic properties (Ksat,mul, θs_mo_1, θs_mo_2,
l, and α) rather than sink term properties, the information content of
drain discharge was typically higher than that of surface runoﬀ
(Table 4). It is noteworthy that the absolute values of information
content were aﬀected by the choice of parameter ranges, which also
typically involve subjectivity despite their physical meaning (e.g.,
Beven and Binley 1992). However, the information content analysis
facilitated a quantitative comparison between diﬀerent data types.
Practically, the approach can help a modeler to understand how much
uncertainty is reﬂected in the model parameters when the model is
optimized against a chosen data type. It is also possible that surface
runoﬀ simulations and surface runoﬀ observations (measured with a
0.4 m deep trench) were not entirely commensurable if seepage from

Table 4
The computed information contents of the diﬀerent parameters and the corresponding parameter value ranges.
Information content

Parameter value range

Parameter

Drain discharge objective

Surface runoﬀ objective

Drain discharge objective

Surface runoﬀ objective

Unit

Ksat,mul
θs_mo_1
θs_mo_2
l
α
Aqh
Bqh
γ entr

0.01
0.01
0.02
0.01
0.01
< 0.00
0.28
0.04

< 0.00
0.05
< 0.00
< 0.00
< 0.00
0.94
0.04
0.66

120.1…1920.0
0.0001…0.0031
0.0001…0.0031
−1.0…1.0
0.001…0.1
0.00001…0.1
0.003…10.0
10.0…250.0

120.1…1919.7
0.0001…0.0031
0.0001…0.0031
−1.0…1.0
0.001…0.1
0.00002…0.02
0.003…10.0
134.9…250.0

[m d−1]
[m3 m−3]
[m3 m−3]
[–]
[m−1d−1]
[md−1]
[m−1]
[d]
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types resulted in the best but still incomplete description of the ﬁeld
hydrology, pointing out epistemic uncertainties. In a wider context, the
quantitative modeling framework could be applied to map the data
worth of a wide range of diﬀerent data types to evaluate what types of
data are required to conduct reliable assessments of chosen hydrological phenomena.

data, since the saturation-excess mechanism triggering surface runoﬀ
generation requires high subsurface moisture conditions, which are
largely controlled by drainage. This mechanism also pointed out the
coupling between the surface and subsurface domains and partly exempliﬁed why both studied data types contain information about each
other.
The parameter ranges of the single-objective optimizations (Table 4)
were rather wide, which implied considerable non-uniqueness in those
solutions. The non-uniqueness and possible noise in empirical data
explain why it can be diﬃcult to identify a plausible model with only
one objective. Due to possible small inaccuracies in input or calibration
data it can be practically impossible to identify the most plausible
model from many rather similarly performing model realizations
(Fig. 2). However, increasing the number of data types in the simulation
can narrow down the model solution space (Fig. 2). Model ensemble
approaches can be argued to be often a necessity for reliable model
assessments for decision making (e.g. Ferré, 2017). Information quantiﬁcation of a data type can help identify the limits of model predictions, which can be considered to be an inherently diﬀerent approach
than a parameter sensitivity analysis (e.g., Nearing and Gupta, 2018).
Our results provided a practical demonstration of how relatively
low amounts of information and a parameter sensitivity analysis can
lead to a biased description of uncertainty related to such hydrological
variables which are not used in the optimization (Fig. 4). Information
on the studied parameters could be more eﬃciently extracted from
temporal data series by identifying such data subsets containing the
most information for one of the parameters (Vrugt et al., 2001). While
this study assessed model uncertainty on the ﬁeld-scale, it is suggested
that studying the data worth of widely available hydrological satellite
data (e.g., Xu et al., 2014) combined with simple terrestrial observations could facilitate the assessment of the reliability of drainage-related modelling on a larger scale.
Overall, our data worth analysis showed how the modeling framework could be used to assess (1) adequacy of the model structure with
the Pareto front analysis, (2) information content of diﬀerent data types
regarding diﬀerent parameters, and (3) uncertainties related to simulating hydrological variables based on optimization against a given data
type. According to Kikuchi (2017), such a quantitative approach can be
considered as a formal data worth analysis as compared with more
widely conducted informal analyses, which are based on expert judgement. As pointed out by Kikuchi (2017) and Guillaume et al. (2019),
data worth analyses are relatively rarely conducted despite their potential beneﬁts. Our study demonstrated the beneﬁts in the context of
drainage and ﬁeld-scale studies.
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