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Abstract: About half of the Danish agricultural land is drained artificially. Those drains, mostly in
the form of tile drains, have a significant effect on the hydrological cycle. Consequently, the drainage
system must also be represented in hydrological models that are used to simulate, for example, the
transport and retention of chemicals. However, representation of drainage in large-scale hydrological
models is challenging due to scale issues, lacking data on the distribution of drain infrastructure,
and lacking drain flow observations. This calls for more indirect methods to inform such models.
Here, we investigate the hypothesis that drain flow leaves a signal in streamflow signatures, as it
represents a distinct streamflow generation process. Streamflow signatures are indices characterizing
hydrological behaviour based on the hydrograph. Using machine learning regressors, we show that
there is a correlation between signatures of simulated streamflow and simulated drain fraction. Based
on these insights, signatures relevant to drain flow are incorporated in hydrological model calibration.
A distributed coupled groundwater–surface water model of the Norsminde catchment, Denmark
(145 km2 ) is set up. Calibration scenarios are defined with different objective functions; either using
conventional stream flow metrics only, or a combination with hydrological signatures. We then
evaluate the results from the different scenarios in terms of how well the models reproduce observed
drain flow and spatial drainage patterns. Overall, the simulation of drain in the models is satisfactory.
However, it remains challenging to find a direct link between signatures and an improvement in
representation of drainage. This is likely attributable to model structural issues and lacking flexibility
in model parameterization.
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1. Introduction

Publisher’s Note: MDPI stays neutral

Around the world, agricultural land is commonly artificially drained to prevent flooding and increase crop yield. With its temperate climate and gentle topography, Denmark is
no exception to this. About 66% of Denmark’s land area is used for agriculture, of which
about half is assumed to be artificially drained, mainly by tile drains [1]. Drains have a
profound effect on the entire hydrological cycle and in particular on groundwater flow and
related transport of chemicals, particles and nutrients [2–6]. Tile drain provides a short-cut
from the field to surface water bodies, bypassing transport in the deep aquifers. This is crucial to nitrate transport, as nitrate can be reduced only under anaerobic conditions, which
primarily are found in the deeper groundwater systems [7–9]. Consequently, insight into
the amount and dynamics of drain flow is essential to understand and quantify transport
of nitrate or other substances.
Despite the importance of tile drains for the transport of chemicals in agricultural
watersheds, there remain significant unresolved challenges in representing drainage in
hydrological models beyond the field scale. (1) The actual location of subsurface drain
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systems is often unknown (e.g., [10]). Where information exists, it typically is limited
to small patches, but even in these cases knowledge on the drain network is commonly
unprecise. At large scales, there only exist estimates of tile drain locations in Denmark based
on proxy data [1,11]. (2) Similarly, there is a lack of drain flow observations, which only exist
for few field-scale catchments. Generally, drain flow shows high spatio-temporal variability.
(3) Likewise, due to the coarse spatial resolution of large-scale hydrological models, tile
drain processes cannot be represented explicitly in the model (for a discussion see [8,12]).
The resulting simplified representation of drain processes in large-scale models lead to
an aggregation of hydrological processes: typically, drain is described implicitly, and also
accounts for underrepresentation of the surface water network in the model. Furthermore,
the distribution of drain flow is, amongst other factors, controlled by small-scale variations
in topography, often below model resolution. For regional or large-scale models, no relevant
observations of drain flow are available. The resolution of such models—currently, the
national water resource model of Denmark (DK-model, [13,14]), has a horizontal resolution
of 500 m or 25 ha per model cell—is at or above typical catchment areas of drain flow
observations reported in literature (e.g., [15,16]).
Due to these challenges, a more indirect way to regionalize and evaluate the representation of drain flow in regional- and large-scale hydrological models is needed. Here we
suggest the use of hydrological signatures, which are indices characterizing hydrological
behaviour. Most commonly, hydrological signatures are scalar values derived from time
series of streamflow. Common examples are flow quantiles, base flow index, runoff coefficient, or the slope of the flow duration curve. There exist a large number of signatures,
see e.g., [17,18] for extensive, yet not exhaustive, overviews because of the almost limitless
possibility to design new signatures [19]. Some signatures may only contain information
relating to specific parts of a catchment response, and many will contain similar or redundant information. Hence, before analysis, signatures relevant to the specific purpose have
to be selected carefully [19].
Hydrological signatures are used to characterize different runoff processes such as
groundwater contributions, overland flow or snow melt (see [20] for a review). Field
studies have shown correlation between signature values and catchment states such as
soil moisture, even though such correlations are complex and challenging to establish [21].
Furthermore, signature values can be related to physical catchment properties and climatic variables [22], and they are commonly used to characterize different aspects of
catchment responses. The information contained in signatures is exploited to classify
catchments, regionalize hydrological models and predictions, and improve predictions
in ungauged basins [18,23–25]. Signatures are also used to evaluate hydrological model
performance in a more specific way compared to conventional performance indicators,
such as Nash–Sutcliffe efficiency (NSE) or Kling–Gupta efficiency (KGE). This allows for
better detection of deficiencies in the representation of different hydrological processes
in the models [26,27]. The ability of models to reproduce hydrological signatures has
been linked to better process representation due to increased model complexity or more
advanced input data (e.g., [28–30] and a review [20]). Eventually, streamflow signatures
were considered in the calibration of hydrological models [31–33], often motivated by the
additional information contained in signatures over conventional criteria of goodness of
fit. This can be beneficial in data-scarce settings, where a signature-domain calibration can
be easier to perform than a conventional time-domain calibration, for example because
properties such as recession curves can be extracted even from inaccurate time series [34].
Drain flow is a distinct runoff-generating process. In heavily drained agricultural
areas, it contributes to a significant share of total stream discharge [5,35,36]. Furthermore,
drain flow has specific characteristics, such as quick responses to precipitation events and
interactions with the groundwater table dynamics [8,16]. Hence, drain flow will have an
effect on the hydrograph [37], even in streams that aggregate contributions from a variety of
runoff-generating processes. So far, correlations between hydrological signatures in streams
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The hydrological model conceptualization and data for the three models are based
on the National Water Resource Model of Denmark (DK-model) developed at the Geological Survey of Denmark and Greenland (GEUS) [13,14,42]. The description of the subsur-
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Figure 3. The Norsminde Fjord model area. The inset map on top shows the Fensholt sub-catchment;
Figure 3. The Norsminde Fjord model area. The inset map on top shows the Fensholt sub-catchment;
the drain catchments within it are labelled. The groundwater head data as well as discharge stations
the drain catchments within it are labelled. The groundwater head data as well as discharge stations
used in the calibration are displayed in the main map. The background displays the drain classes as
used in the calibration are displayed in the main map.
presented in Table 2.
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els. Furthermore, as the exact location of artificial drains are unknown, drainage is accounted for in the model setup by including drain in all model cells. In this way, simulated
drain flow encompasses both the actual artificial drain through drain pipes, and also any
potential small-scale network of ditches and streams and the effects of microtopography
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The numerical models have the same 100 m horizontal resolution, and a varying number of
layers of different thickness depicted by the site-specific hydrogeology, with unit-based
parameterization. The top layer has a constant thickness of 2 m and is parameterized based
on the Danish soil map [43]. Climate data were provided by the Danish Meteorological
Institute (DMI) as gridded, daily data with precipitation in 10 km and temperature as well
as evapotranspiration in 20 km resolution [44,45]. Precipitation data were corrected as
described in [46].
The two larger models, Storå and Odense were originally developed in a project
evaluating an increase in the resolution of the DK-model from 500 m to 100 m, focussing
on an improved representation of the uppermost groundwater table [47]. The calibration
approach for these models resembles that used as the baseline for the Norsminde model
(scenario S1, Section 2.3.4). For more details on the models used in step 1 to establish a
link between hydrological signatures and simulated drain, the reader is referred to the
provided reference.
The model used in step 2, Norsminde, builds on previous modelling work concerning
drain flow and nitrate transport for the same catchment by [39]. A detailed description of
the model follows in Section 2.3.
2.2. Machine Learning Regressors to Predict Drain Fraction
Initial tests revealed correlations between different simulated streamflow signatures
and the simulated drain fraction: For example, the Pearson correlation coefficients between
each of the six most important signatures and the respective simulated drain fractions
range from 0.51 to 0.75. However, we were not successful using linear regression models to
predict drain fraction based on signatures.
Hence, to establish whether there is a correlation between signatures and the prevalence of artificial drain within a catchment, we performed machine learning aided regressions. This work was performed using the implementation of Random Forest (RF)
regressors in the python package scikit-learn. RF regressors typically allow exploitation
of more complex correlations between explanatory variables better than linear regression
models (being observed in a similar context for example by [48]).
Drain fraction is defined as the ratio between temporally averaged drain flow and
averaged total streamflow for a certain catchment area. That is, the drain fraction is a value
between 0 and 1 indicating the share of the total runoff in a catchment that originates from
drain flow. Drain flow is taken from the spatial output of MIKE SHE aggregated for each
ID15 catchment, and compared to the simulated streamflow at the outlet of each respective
catchment outlet. For more details on how MIKE SHE simulates drain flow, please refer to
Section 2.3.1 below.
2.2.1. Simulated Discharge Used in Machine Learning Regression
Data for the machine learning regression were established by hydrological modelling,
where stream and drain discharge were extracted from topographical sub-catchments. The
entirety of Denmark was delineated into hydrological catchments with an average size of
15 km2 , referred to as ID15 catchments (outlined grey in Figure 2). For the analysis, all
individual headwater ID15 catchments from both models were selected and supplemented
by downstream ID15 catchments for which the aggregated catchment area was below
50 km2 . This resulted in a dataset of 73 catchments (48 from Odense and 25 from Storå,
green in Figure 2). An upper threshold for the catchment area was applied as the signal
from drain flow is diluted for increasing catchment size: a performance decrease in the
regression models was observed when increasing the threshold. This effect has been shown
before, though for significantly larger catchment sizes [37].
The entire analysis described in the following was based on the simulated hydrographs
with daily timesteps for the 9 full years from 2000 to 2008. For this, simulated discharge in
the streams at the outlet of each catchment was considered, i.e., catchments varying from
approximately 15 to 50 km2 .
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2.2.2. Hydrological Signatures
A set of 36 hydrological signatures was calculated for the 73 time series of daily
discharge at the catchment outlets, shown in Table 1. The signatures were calculated in
python, partly assisted by the SPOTPY package [49]. The set of signatures was chosen based
on the expected impacts of drain flow on hydrographs, for example baseflow characteristics,
variability of flows, or seasonal variations, as drains in Denmark are predominantly active in
winter. Furthermore, the timing and size of the first response at the onset of the drain season
in fall, where the shallow groundwater table has just raised above drain level, are difficult
to match in hydrological models [50], and “first peak” signatures were therefore included.
Table 1. List of hydrological signatures used as explanatory variables in machine learning regressors.
Signature

Unit

Explanation

BFI5
BFI5 w/s
BFI20
SFDC
rcoeff
CV
CV w/s
RBFI
skew
mriser
mfallr
qm
qm w/s
f2ms
fp3ms
fp2m
fp3m
Qq99
Qq95
Qq90
Qq10
Qq5
Qq1
hQv
lQv

Baseflow index, 5-day period
BFI5 winter/summer ratio
Baseflow index, 20-day period
Slope of the middle third of the flow duration curve
Runoff coefficient
Coefficient of variation
Coefficient of variation winter/summer
Richards–Baker–Flashiness index
skewness: mean (q)/median (q)
Mean change in q while hydrograph is rising
Mean change in q while hydrograph is falling
Mean specific runoff
Mean specific runoff winter/summer ratio
first peak after Aug 1st > 2 × mean (q summer)
first peak after Aug 1st > 3 × mean (q summer)
first peak after Aug 1st > 2 × median (q)
first peak after Aug 1st > 3 × median (q)
0.99 flow quantile
0.95 flow quantile
0.90 flow quantile
0.10 flow quantile
0.05 flow quantile
0.01 flow quantile
High flow variability
Low flow variability

mm/d
mm/d
mm
doy
doy
doy
doy
mm/d
mm/d
mm/d
mm/d
mm/d
mm/d
-

For entire time series, and separate for each season
Summer: Jun, Jul, Aug. Winter: Jan, Feb, Mar

lfD

Low flow duration

d/y

lfED
lfEF

Low flow event duration
Low flow event frequency

d
y−1

hfD

High flow duration

d/y

hfED
hfEF

High flow event duration
High flow event frequency
Mean minimum discharge measured over
7 consecutive days
Mean minimum discharge measured over
30 consecutive days
Mean maximum discharge measured over
7 consecutive days
Mean maximum discharge measured over
30 consecutive days

d
y−1

minq7d
minq30d
maxq7d
maxq30d
catcharea

Precipitation taken from model forcing
For entire time series, and separate for each season
[51]

For entire time series, and separate for each season
As indication for start of flow from tile drains
As indication for start of flow from tile drains
As indication for start of flow from tile drains
As indication for start of flow from tile drains

Mean of annual maximum q/median q
Mean of annual minimum q/median q
Average number of days per year where
q < 0.5 × mean (q)
Average length of events of q < 0.5 × mean (q)
Occurrences of q < 0.5 × mean (q)
Average number of days per year where
q > 3 × median (q)
Average length of events of q > 3 × median (q)
Occurrences of q > 3 × median (q)

mm/d
mm/d
mm/d
mm/d

Catchment area

km2

(only physical catchment characteristic
used in analysis)

2.3. Norsminde Hydrological Model
To test how the inclusion of hydrograph signatures affect calibration of a hydrological
model, the Norsminde Fjord catchment (Figure 3) was set up. This catchment is situated in
eastern Jutland, Denmark. The geology is dominated by clay, with marine sediments in the
deeper layers. In the south of the model area, those deeper layers are incised by a buried
valley with complex glacial deposits. The top 10 to 50 m are comprised of glacial deposits,
dominated by clay [52]. In total, the model area encompasses 154 km2 , of which 145 km2
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are land surface, with the remainder being sea. Generally, the topographic variation is
gentle, with the western part of the catchment being hillier reaching up to elevations of
about 100 m above sea level. In its centre, the town of Odder is located, whereas the rest of
the catchment is dominated by agriculture. The built-up area accounts for about 14% of the
catchment’s land surface area, and intensive agriculture for 65%. In combination with the
prevalence of clayey soils, this means that a large fraction of the agricultural area is drained
by tile drains.
The saturated zone of the hydrological model was conceptualized in 10 computational
layers, based on a nationwide hydrogeological interpretation (Fælles offentlig hydrologisk model FOHM [53]) established from detailed hydrological modelling as part of
the national groundwater mapping program. The parametrization of the subsurface is
unit-based, i.e., each hydrogeological unit is assigned homogenous model parameters for
hydraulic conductivity etc. Daily precipitation data were available from Fillerup station
in the catchment from 27 October 2012 to 4 September 2017. Outside this period, and
for temperature and evapotranspiration forcing, national gridded data as described in
Section 2.1 were used. For further details on the general model setup, please refer to the
references provided in Section 2.
2.3.1. Hydrological Model—Drain Setup
Artificial drainage structures, such as ditches and drain pipe networks, cannot be
represented explicitly for typical model grid resolutions in large-scale hydrological models.
Furthermore, as the exact location of artificial drains are unknown, drainage is accounted
for in the model setup by including drain in all model cells. In this way, simulated drain
flow encompasses both the actual artificial drain through drain pipes, and also any potential
small-scale network of ditches and streams and the effects of microtopography [54] that
cannot be represented due to the coarse scale of the model. The implementation of drains
in the model thus implies that all areas where drainage is needed, i.e., high groundwater
tables occur, are in fact drained, which reflects the agricultural land use management
in Denmark.
In MIKE SHE, simulated drain is controlled by a drain depth and time constant [41]
(p. 202). Drain depth is defined relative to the surface level, resulting in a drainage level
Zdr . In any given model cell, drainage is only active if the simulated groundwater level h
exceeds the drainage level. In this case, the drain time constant Cdr controls how quickly
groundwater is removed as drain flow qdr :
qdr = (h − Zdr )Cdr

(1)

In our case, the generated drain flow is directly routed to the nearest stream within
each ID15 catchment.
The drain time constant and depth were distributed across the model domain according to seven land use classes (shown in Figure 3), based on an aggregation of the 36-class
landuse map BASEMAP [55] as shown in Table 2. The drain time constants in Table 2
were used as a starting point in the calibration, and were treated as a single free parameter,
maintaining their initial ratios throughout parameter changes in the calibration. Drain
depths were not calibrated.
Areas close to rivers are generally discharge areas and may discharge either directly
to the streams through overland flow, the stream bed, or via drainage. As the true drain
distribution in these areas is unknown, the amount of generated drain flow in model cells
adjacent to a model stream cannot be reliably discriminated from the amount of river
baseflow generated. For this reason, simulated drain flow in river link cells [56] (p. 69) was
excluded from the analysis.
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Table 2. Land-use-based drain classes (compare Figure 3) used in the MIKE SHE model setups with
distributed drain parameterization. Drain time constants (ratios between them) and depths based on
the national model [14].
Drain Class—MIKE SHE

Drain Time Constant
(s−1 )

Drain Depth (m)

BASEMAP Land Use Classes

undrained

0

0.0

near-natural

1 × 10−9

0.1

wetlands
forest

1 × 10−9
1 × 10−8

0.1
1.0

built-up

1 × 10−8

1.0

extensive agriculture

1 × 10−8

1.0

intensive agriculture

10−7

1.0

harbour, basin, stream, sea, lake
undefined, building, track, tank_track,
fire_line,
wetland, coast, bog, wet_meadow
Forest
road, rail, runway, city_centre,
high_buildings, low_buildings,
parking_lot, technical_areas, recreation,
sport_facility, cemetary,
resource_extraction
agriculture_extensive
agriculture_undefined,
agriculture_intensive

1×

2.3.2. Hydrological Model—Calibration Data
For the evaluation of the performance of the hydrological model, different data sources
were used:
Firstly, daily discharge observations are available from three discharge stations (270002,
270003, and 270035 in Figure 3) that are part of the Danish National Monitoring and Assessment Programme for the Aquatic and Terrestrial Environment (NOVANA) [57]. Furthermore, discharge observations from the outlet of the Fensholt sub-catchment were available.
Those data originate from previous modelling and monitoring work in the region (the
iDRÆN project, Aarhus University, https://idraen.dk/, accessed on 28 December 2021).
Secondly, groundwater head observations were extracted from GEUS’ Denmark-wide
well database Jupiter (https://eng.geus.dk/products-services-facilities/data-and-maps/
national-well-database-jupiter/, accessed on 28 December 2021). For the period 2007
to 2017, a total of almost 18,000 head observations are available within the Norsminde
catchment, distributed across 316 intakes (marked in Figure 3). In some wells continuous
time series of observed groundwater heads exist, whereas other wells only provide a
single observation.
These two datasets were used in model calibration, as described in Section 2.3.4.
Following model calibration, the models’ ability to represent drainage was evaluated based
on the drain-related datasets described in the following section.
2.3.3. Hydrological Model—Drain Validation Data
Generally, it is challenging to evaluate the representation of artificial drainage in our
models due to mentioned issues of scale and data scarcity. However, a Denmark-wide
map of the probability for artificial drainage exists [11], which is used to evaluate the
spatial distribution of simulated drainage. This map shows the probability for artificial
drainage on agricultural land estimated using machine learning regressors. It is based on
point information on artificial drain conditions at 745 points across Denmark, with a set
of geological, topographical, climate and land use information as explanatory variables.
As suggested by the creators of the map, a probability threshold of 50% to distinguish
drained and undrained areas was used, resulting in a binary map discriminating drained
and undrained areas. According to this dataset, about 88% of the non-urban, non-forested
area in the Norsminde catchment is likely being drained artificially. In a similar manner,
binary maps of drained and undrained areas were created based on the model results. Here,
the distinction was made based on a threshold for the average simulated drain flow per cell.
The threshold value was adjusted to ensure that the total drained area in the Norsminde
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catchment as predicted by the model results matches the total area predicted by the drain
probability map. This analysis was limited to the extent of the drain probability map, which
excludes urban and forested areas. Furthermore, as mentioned above, simulated drain
cannot reliably be extracted from river link cells in the model and those areas were also
excluded from the analysis. In the model evaluation, the areas predicted by the models to be
actively draining were compared to the drain areas predicted by the drain probability map.
Another option for evaluating the models’ performance in representing drain is comparing time series of simulated drain flow to observations of drain flow. Within the Fensholt
sub-catchment daily observations of flow from tile drains exists from 11 stations. The observations were collected in the iDRÆN and TReNDS (http://trends.nitrat.dk/, accessed
on 28 December 2021) projects [58]. The estimated catchments of the 11 drain stations are
outlined in Figure 3. Data availability for eight of the stations (D1 to D8) was roughly
six years, from autumn 2012 to the end of 2017, with some gaps. From the remaining three
stations (31_south, 32_in, 33_in), data is only available since October 2016 or April 2017.
For a direct comparison of observed and simulated daily drain flow, only stations
D1 to D8 with longer data availability were used. The validation period was chosen as
7 November 2012 to 8 August 2017. The observations from all eleven stations, however,
were used to obtain an observation-based estimate of drain flow from the entire Fensholt
sub-catchment. Area specific drain flow was calculated from the observed drain catchments,
which was assumed to be representative for all drained agricultural areas within Fensholt.
For the extrapolation, only the agricultural area of the sub-catchment was considered
(4.6 km2 of the total of 6.1 km2 ), and the percentage of drained agricultural area was
taken from the drain probability map, showing that 83% of the agricultural land within is
artificially drained. Hence, the total artificially drained area in the Fensholt sub-catchment
was estimated to 3.8 km2 . On average across the validation period, 34% of this area was
covered by drain flow observations.
Based on these drain flow data and streamflow observations from the outlet of the
sub-catchment, drain fractions were calculated, and compared to the respective simulated
values. Due to inherent uncertainties, drain fractions were not calculated based on daily
data, but aggregated monthly.
2.3.4. Hydrological Model—Calibration Setup
The hydrological model was calibrated with the PEST software package for parameter
estimation [59], using a Gauss–Marquardt–Levenberg local search algorithm. The calibration period was 1 January 2007 to 31 December 2017, with a 10 year-warmup period for
each run. Based on the observation data (Section 2.3.2), objective functions were formulated as weighted aggregation of performance metrics for stream discharge, including the
selected hydrological signatures, and for groundwater heads. Discharge performance was
evaluated using the KGE [60]. Out of the four discharge stations, only the three from the
national dataset were used in the calibration, as only such stations would be available for
national-scale model setups. Furthermore, the fourth station at the outlet of the Fensholt
sub-catchment only has data since late 2012; this station was used in the calculation of
drain flow from the Fensholt sub-catchment.
The groundwater head observations consist of well data. Each well can contain either
a single observation of the water level, or a time series of water levels, from one or more
screens at different depths. Where more than one observation (spatially and/or temporally)
was available in a model grid, the residuals between observed and simulated heads were
averaged. The mean errors per model grid then were weighted based on the number of
observations—with a weight of 1 for cells with one observation, a weight of 2 for cells with
two to nine observations, a weight of 3 for cells with ten to 99 observations, and a weight
of 5 for cells with 100 or more observations. The final objective function for groundwater
heads was formulated using the Continuous Ranked Probability Score (CRPS), as described
by [61]. The CRPS-based approach was chosen because conventionally used squared-errorbased objective functions are particularly sensitive to large residuals. In the context of
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large or regional-scale hydrological models with large datasets of not purely scientific
origin (such as our dataset of groundwater heads), large residuals are often a result of
observational errors or model structural errors, but not necessarily informative in the
parameter estimation process.
The calibration only employing KGE for streamflow (and CRPS for groundwater
heads) is referred to as scenario S1, with a relative weight of 2/3 on KGE and 1/3 on
groundwater head performance. Three further calibration scenarios were carried out that
included hydrological signatures in the objective function. Signature performance was
included in the objective function as the residuals between the signature value of the
simulated and the observed hydrograph, minimizing the discrepancy between simulated
and observed value. In those cases, the relative weights between the objective function
groups were 1/3 on KGE, 1/3 on signatures and 1/3 on groundwater head performance.
S2 included one signature, S3 two signatures, while six signatures were included in S4.
Table 3 gives an overview over the calibration scenarios.
Table 3. The four calibration scenarios with their relative objective function weights.

gw heads
KGE

signature
residuals

hfED
skew
CV
qm w/s
lfED
SFDC

S1

S2

S3

S4

0.333
0.667

0.333
0.333

0.333
0.333

0.333
0.333

-

0.333
-

0.167
0.167
-

0.056
0.056
0.056
0.056
0.056
0.056

3. Results
3.1. RF Regressors Predicting Drain Fraction
As described in Section 2.2, we performed machine learning aided regressions, evaluating the correlation between streamflow signatures and drain fraction. The RF regressor
was trained on two thirds of the 73 sub-catchments of the Storå and Odense Å models,
Figure 2, while the remaining sub-catchments were used for test. The results are shown in
Figure 4, where all 36 hydrograph signatures were used as explanatory variables and the
simulated drain fraction as target variable. Based on the model simulations, it was found
that the drain fraction could be well described by the hydrograph signatures, with a mean
absolute error on the predicted drain fraction of 0.126 for the test dataset. In other words,
there is a correlation between streamflow signatures and the fraction of streamflow that
originates from artificial drain (drain fraction) within a catchment—a precondition for the
following calibration experiments, where we incorporated streamflow signatures in the
objective function of the model calibration to improve its representation of artificial drain.
RF regressors allow exploration of which explanatory variables—hydrological signatures in our case—are most important for the predictive capability of the regressor model.
A common implementation for determining the so-called feature importance is by randomly perturbing each explanatory variable one at a time, thereby effectively removing the
information it holds. Calculating the decrease in performance of the regressor model as one
explanatory variable is perturbed provides a measure of the importance of that variable.
Using this approach, the high flow event duration (hfED) showed to be most important,
with a decrease in the goodness-of-fit between RF predicted and simulated drain fraction of
about 27%. The second most important signature was the skewness (7%). These two were
followed by several signatures with performance decreases by around 2%. From these, the
coefficient of variation (CV), the ratio between specific runoff during winter and summer
(qm w/s), the low flow event duration (lfED), and the slope of the flow duration curve
(SFDC) were selected, while the rest were left out based on considerations of redundancy:
for example, the specific runoff in spring, summer and fall showed importance almost
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Figure 2, while the remaining sub-catchments were used for test. The results are shown in
Figure 4, where all 36 hydrograph signatures were used as explanatory variables and the
simulated drain fraction as target variable. Based on the model simulations, it was found
that the drain fraction could be well described by the hydrograph signatures, with a mean
absolute error on the predicted drain fraction of 0.126 for the test dataset. In other words,
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there is a correlation between streamflow signatures and the fraction of streamflow that
originates from artificial drain (drain fraction) within a catchment—a precondition for the
following calibration experiments, where we incorporated streamflow signatures in the
as high as the ratio qm w/s; however, those are somewhat correlated and considered
objective function of the model calibration to improve its representation of artificial drain.
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the information it holds. Calculating the decrease in performance of the regressor model
3.2. Evaluation of the Hydrological Model Calibration Scenarios
as one explanatory variable is perturbed provides a measure of the importance of that
3.2.1. Evaluation against Calibration Data
variable. Using this approach, the high flow event duration (hfED) showed to be most
Four different
calibration
scenarios,
Table 3, were
compared,
where and
S1 represents
important,
with a decrease
in the
goodness-of-fit
between
RF predicted
simulateda
calibration
only
including
the
KGE
as
conventional
performance
criterion
for
discharge.
S2
drain fraction of about 27%. The second most important signature was the skewness (7%).
to
S4
additionally
incorporate
different
hydrological
signatures
in
the
objective
function.
These two were followed by several signatures with performance decreases by around
Tablethese,
4 provides
an overview
of the resulting
model
Groundwater
head
2%. From
the coefficient
of variation
(CV), the
ratioperformance.
between specific
runoff during
performance
is
given
as
mean
error
(ME)
and
mean
absolute
error
(MAE)
across
all
intakes.
winter and summer (qm w/s), the low flow event duration (lfED), and the slope of the
Streamflow metrics are given as mean across the three discharge stations. The metrics
that are part of the objective function in each scenario are in bold font. Both the fit of the
model to the observed groundwater heads and the general streamflow (KGE and water
balance) are largely unaffected by including signatures in the objective function. Including
signatures in the objective function results—as is to be expected—in models representing
the observed signatures better.
3.2.2. Evaluation against Drain-Related Validation Data
The models’ performance in representing artificial drain flow was evaluated in three
ways: (1) at field level by comparing observed and simulated daily time series of drain
flow from the eight drain catchments, (2) aggregated drain flow as monthly mean values
for the Fensholt sub-catchment, and (3) the spatial distribution of areas with drainage.
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Table 4. Model performance after calibrating the four different scenarios. Criteria that were part of
the respective objective function of each scenario are marked in bold (compare Table 3).

weighted MAE, groundwater heads
weighted ME, groundwater heads
mean KGE
mean absolute water balance error

mean absolute
residuals, signatures

hfED
skew
CV
qm w/s
lfED
SFDC

S1

S2

S3

S4

3.00
1.31
0.63
0.20

3.08
1.54
0.62
0.21

3.07
1.30
0.61
0.21

3.12
1.40
0.63
0.20

7.79
0.38
0.08
0.90
22.2
0.73

6.40
0.22
0.06
0.74
18.1
0.41

7.24
0.18
0.06
0.55
18.5
0.61

7.20
0.26
0.05
0.47
18.0
0.41

Comparison of simulated and observed drain flow at field scale is presented in Figure 5,
where the first two columns show daily time series of simulated and observed drain flow
for two selected drain catchments. The last column shows simulated drain flow across the
entire Fensholt sub-catchment, where the observed time series is based on extrapolation of
the drained area covered by observations as described in Section 2.3.3. Each row presents
the results of one of the calibration scenarios.
The overall model results are encouraging, with a mean KGE across the eight individual drain catchments between 0.36 and 0.52 (first row of Table 5) and a KGE between
0.72 and 0.82 for drain flow from the entire Fensholt sub-catchment. However, as seen in
Figure 5, the effect of including the hydrographs signatures in the objective function differs
for the individual drain catchments/fields. For drain catchment D1 drain flow is described
well by all models, even the base case S1 without signatures. In this case the inclusion of
hydrograph signatures does improve the model fit, especially when just one signature is
included. The same cannot be said about drain catchment D6. In general, model performance is slightly worse here. For example, the model simulates early peaks in autumn 2013
and 2014 that cannot be seen in the observations, and the model fails to match the peak
response in the winter of 2015/2016. The first issue likely indicates a model structural error
such as the interpretation of the subsurface geology, resulting in a simulated groundwater
table that rises too fast at the onset of the draining season in autumn. The second issue also
could suggest that the observation data are noisy. While parameter adjustment through
calibration is not sufficient to compensate for model structural errors, the different model
calibrations do impact the overall drainage generated in D6. Nevertheless, the performance
of the alternative calibrations is contradicting the hypothesis that including signatures
improves drain representation. Evaluating across the entire Fensholt sub-catchment the
effect of including the hydrograph signatures varies, with S1 and S4 being equally good,
while the results are worse especially in the case where two signatures are included.
The model evaluation for aggregated monthly values across the Fensholt sub-catchment
is presented in Figure 6, where the top plot shows the average drain flow, and the bottom
the resulting drain fraction. There is generally a very good agreement between observed
and simulated monthly drain flow for the Fensholt sub-catchment. However, the base case
without signatures overestimates drain flow through most of autumn and winter, which is
less pronounced in the scenarios including signatures. S4 results in drain flow estimates
that are generally larger than the two other scenarios which include signatures (S2 and S3).
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Only small variations are observed in the calculated drain fractions among the four
model scenarios. The monthly observed drain fractions are captured very well by the
models except for a tendency to underestimation in summer and autumn. As simulated
drain flows for those months are matched or slightly overestimated, this indicates that the
models overestimate the total runoff during those months. It is notable that the average
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for a large part of net precipitation of 1.06 mm/d (precipitation of 2.37 mm/d, actual
evapotranspiration 1.31 mm/d; values for S1).
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The overall model results are encouraging, with a mean KGE across the eight individual drain catchments between 0.36 and 0.52 (first row of Table 5) and a KGE between
0.72 and 0.82 for drain flow from the entire Fensholt sub-catchment. However, as seen in
Figure 5, the effect of including the hydrographs signatures in the objective function differs for the individual drain catchments/fields. For drain catchment D1 drain flow is described well by all models, even the base case S1 without signatures. In this case the in-
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Based on the average monthly drain flow and drain fractions the inclusion of the
hydrograph signatures appears to improve the drain flow simulation in absolute numbers,
while the calculated drain fractions are almost unaffected. During summer, drain and
streamflow is low; calculating the drain fraction thus is prone to high uncertainties, as
small differences in absolute flow values can result in large deviations in the relative values
of drain fraction.
Table 5. Overview over validation metrics of drain flow and spatial distribution of drain across the
four calibration scenarios. The last three rows present results for streamflow at the outlet of the
Fensholt sub-catchment; these data were not used in the calibration.
S1

S2

S3

S4

drain flow time series

mean KGE, D1 to D8
KGE, Fensholt

0.52
0.82

0.45
0.79

0.36
0.72

0.49
0.82

average monthly and
yearly drain flow for
Fensholt

ME drain fraction, yearly
MAE drain fractions, monthly
ME drain flow, yearly (mm/d)
MAE drain flow, monthly (mm/d)

0.02
0.06
−0.05
0.18

0.09
0.12
0.05
0.13

0.07
0.09
0.03
0.11

0.06
0.11
0.01
0.15

spatial distribution of
drain/no drain

R2 drain prob. vs. sim. drain, Norsminde
R2 drain prob. vs. sim. drain, Fensholt

0.30
0.08

0.34
0.07

0.29
0.08

0.35
0.04

streamflow Fensholt

KGE
water balance error
summer water balance error

0.82
0.01
−0.10

0.78
0.01
−0.40

0.74
0.02
−0.37

0.81
−0.01
−0.35

The spatial evaluation of drain occurrence was made by dividing the catchment into
zones that are likely artificially drained and not drained. This division was based on the
amount of simulated drain flow, where all model grids draining above a certain threshold
were assumed to be drained, while no active drainage was assumed for the rest. The
threshold of simulated drain flow was chosen so that the resulting total drained area
matches the total drained area in the validation data, the artificial drain probability map
by [11]. This threshold differs from scenario to scenario: For S1, the threshold is 185 mm/yr,
for S2 91 mm/yr, for S3 84 mm/yr, and for S4 132 mm/yr. Figure 7 shows the spatial
patterns of drained and undrained areas resulting from the model calibration scenarios
S1 to S4, compared to the reference map of drained areas estimated by [11]. The top part
shows the entire Norsminde model area, whereas the bottom part provides a closer view
of the Fensholt sub-catchment. To show the uncertainty of the reference data, a map is
included where drain probability is shown in four classes instead of the binary map used
in the validation. The spatial patterns resulting from the different model calibrations do
resemble each other closely, indicating that the model structure, unchanged in calibration,
is most decisive for the spatial distribution of active drains. The models follow the overall
pattern of the reference map based on drain probability. Consequently, the correlation
between the reference map and the maps resulting from the calibration scenarios are very
similar, with R2 values across Norsminde of 0.30 for S1, 0.34 for S2, 0.29 for S3, and 0.35 for
S4. For the Fensholt sub-catchment, the correlation is worse with R2 values of 0.08, 0.07,
0.08 and 0.04 for S1 to S4. Only in S3, does the drain distribution look markedly different
from the other scenarios.
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were assumed to be drained, while no active drainage was assumed for the rest. The
simulated drain to the estimated drain in the work by [11] as shown in Figure 7—the only
indicator valid for the entire Norsminde model area. Below the dividing line, metrics for
the discharge station at the outlet of the Fensholt sub-catchment are provided, with KGE
and water balance errors for the entire period and during summer (June to August). The
stream discharge at the outlet of Fensholt was not used in calibration, but only in model
validation. It generally shows good performance, except for an increasing summer water
balance error for S2, S3, and S4.
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inclusion of streamflow signatures in the model calibration did also have effect on the
simulated drain flow; however, it did not exclusively improve the models’ performance.
Improvements were observed for some metrics, while others worsened. Hence, in this
study there was no combination of signatures found that outperformed others with respect
to the metrics used to evaluate the model’s ability to model drain flow. Otherwise, this
might be an indication that the used streamflow metric, the KGE, already encompasses
well the different aspects of the hydrograph. It was designed to overcome some perceived
shortcomings of the older NSE, providing a balanced evaluation of bias, correlation and
flow variability error [60]. Moreover, the base scenario S1 already captures drain flow well,
leaving little room for improvement.
The evaluation of the models’ ability to represent drain flow time series is difficult, due
to uncertainty related to the quick dynamics of drain flow and small scales. Furthermore,
observations of drain flow are only available for a small fraction of the model’s area, even
in the well monitored Norsminde catchment. Furthermore, when aggregating the drain
flow to monthly and yearly averages, or looking at drain fractions instead of total drain
flow, there is mixed success, with one exception: the average monthly drain flows are
improved from an error of 0.18 mm/d in S1 to values between 0.11 mm/d and 0.15 mm/d
for S2 to S4.
The reference maps of drained areas used in the models’ spatial evaluation are uncertain in themselves (see Figure 7), as they are a machine learning-based estimate mapping the
probability of artificial drain infrastructure, but cannot inform about the actual occurrence
of drain flow, its magnitude and timing. The spatial distribution of drain flow simulated in
the model is generally determined by the conceptual model structure, especially the hydrogeological structures, in combination with topography. Changing the unit-based hydraulic
parameters will increase or decrease areas and the amounts of simulated drain, but it will
not completely alter the locations. If the information of drain entailed in hydrographs are
to be utilized better, a different model structure and calibration setup with higher flexibility
are needed, allowing for significant changes to the drain distribution.
The drain-related observations were not used in the model calibration for several
reasons: (1) observations of drain flow do not exist with adequate coverage for the entirety
of Denmark or any regional-scale modelling effort, (2) they are commonly related to large
uncertainty due to their small catchment areas, which can be difficult to delineate precisely,
and often cover only few model cells (in our case, drain catchments start at 3.6 ha while
a model cell is 1 ha), (3) drain flow is highly dynamic and hard to capture for models
due to model structural shortcomings or precipitation forcing issues, and (4) the implicit
description of drains in the model that adds further uncertainty when directly comparing
observations with output from distributed hydrological models.
Lastly, the RF regressions did show good correlation between simulated signatures
and simulated drain fractions; however, it remains uncertain how these results transfer to
the real world. The real-world correlation between streamflow signatures and drain fractions can differ from the modelled ones if, for example, the model structure and resulting
simulation of different runoff-generating processes is unrealistic. In other words, the presented work relies on the model structure being adequate to simulate drain flow and related
processes. Still, the satisfactory drain flow performance of the model, which is in line with
others’ efforts with similar model setups (e.g., [62]), shows that the general dynamics can
be represented. Moreover, we used simulation results from a limited sample of catchments
with the RF regressor. These subcatchments from the Storå and Odense catchments were
chosen to represent the heterogeneity of topography and geology across Denmark well.
However, extending that set still potentially could point to different important signatures.
It is against this background, that the mixed success of improving the representation
of drain by the inclusion of hydrological signatures in the calibration process must be seen.
In addition, in existing literature, the use of hydrological signatures in hydrological model
calibration has proven challenging: for example, it was found that improvements in the
representation of hydrological signatures are ambiguous, meaning that improvements
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in some signatures can very well result in deteriorations of others [63]. The missing
link between representing runoff as such and different related hydrological signatures in
hydrological models is for example related to inadequate model structures. Focus on a
specific signature will improve the representation of that signature, however potentially
at the cost of worsening the overall model’s behaviour (for a discussion see [64]). This
can be an explanation for the behaviour observed in this work. Furthermore, the objective
functions in this study were designed to secure that all models were behavioural, by putting
two thirds of the weight on KGE and groundwater performance, resulting in an optimal
solution that is a trade-off between the different metrics. Even though we did show a
link between signatures of simulated streamflow and the simulated drain fraction, and
managed to improve the fit of the simulated signatures to the observed values, the inference
that such an improvement translates to an improvement of drain representation cannot
be made.
5. Conclusions
The first objective of this work was to establish a link between streamflow signatures
and the ratio of drain flow to the total streamflow generated. This was motivated by
the wide availability of streamflow data in contrast to the lack of adequate data on drain
occurrence and drain flow. With the help of RF regressors, we could prove that hydrological
signatures of simulated streamflow can be used to predict simulated drain fraction across
a set of 73 Danish sub-catchments smaller than 50 km2 . That means that streamflow
dynamics, in those smaller catchments, are affected by the prevalence of drain flow, at least
within the used modelling framework.
Based on this regressor model, a set of six hydrological signatures with correlation to
the drain fraction was chosen to be used in the calibration of the Norsminde hydrological
model. The hypothesis was that a better representation of those signatures results in a
better representation of flow-generating processes, particularly drain flow. Four calibration
scenarios were compared, differing in their objective functions by inclusion of a varying
number of streamflow signatures. After calibration, the different model scenarios were
compared with respect to their ability to simulate drain. In the calibration experiments, signature values could be improved without significant trade-off with the more conventional
performance criteria. Moreover, drainage (flow and distribution) is reproduced well by all
model setups. However, no clear conclusion can be drawn when it comes to the ability of
signatures to improve the representation of artificial drain.
The challenge in proving the hypothesis that including hydrological signatures in
model calibration improves the representation of artificial drain can be related to several
issues including: uncertainty in the data used for the validation of simulated drain, scale
issues, inadequate model structure and drain conceptualization.
All in all, the study indicates that including streamflow signatures in model calibration
may improve the simulated drain. However, this requires an adequate conceptual model as
well as a model structure and calibration approach that is sufficiently flexible to allow significant changes in drain amounts and patterns. To further improve the simulation of local
drain flow, it is thus suggested that future work focus on developing approaches allowing a
more flexible parameterization of parameters sensitive to drain flow, such as the hydraulic
conductivity of the uppermost geologic layers. A possibility is to apply a fully distributed
hydraulic conductivity field combined with pilot point calibration. However, with the
limited drain data generally available, there is a high risk of overparameterization unless
other sensitive observational datatypes, such as soil moisture, are employed. Additional
flexibility could be introduced using more detailed model structures, e.g., using finer horizontal and vertical model resolutions, a more complex description of unsaturated zone flow,
or an explicit representation of drain. A different pathway altogether can be the integration
of proxy datasets (such as machine learning-based predictions of drain probability [11] or
average drain flow [65]) with the used physically based hydrological models.
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The work reported has been part of larger efforts of improving the representation
of drain flow—and the related nitrate retention—for national-scale models of Denmark.
The study attempts to exploit the information contained in hydrological signatures on
hydrological processes and flow partitioning, a seemingly promising—as demonstrated by
the ability to predict drain fraction based on streamflow signatures—yet challenging task. It
also points out the need for more observations of drain flow, and the need to reduce related
uncertainties in measuring drain flow and determining the respective drain catchments.
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