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Significant share of agricultural land around the world is
artificially drained, often by tile drains (pipes). Such tile
drains have profound effect on

A hydrological cycle and groundwater flow patterns

A related transport and retention
of contaminants (nitratg
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~66%0f Denmarkis used for agriculture, of which50%
is artificially drained(Olesen2009;Mglleret al., 2018) ==
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We are facing some challenges if we want to include artificial drain in reegoakd (or Denmariwide)
hydrological models:

on the model-side and due to insufficient data
A scale issuedistributed model grid with grid sizes of 500m orA Unknown distribution of actual tile drain (precise knowledge
100m limited to small, selected catchments)

A Inevitable aggregation girocesses itydrological models A Lack of drain flow observations at scales relevant for regional
In the example of MIKE SHE, the modelling framework we  scale models
used, drain is implicitly represented (and acts as
compensation for often inevitablenderrepresentation of
natural drainage netwonk(DHI, 2019)
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Hypothesis: Linkbetween hydrologic signatures and
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The just mentioned challenges lead to the idea to exploit the
information contained in hydrologic signature® improve
the representation of artificial drainn hydrologic models:

Assuming there is a correlation between

A physical catchment properties, dominating runoff
processeg including artificial drain

and

A signature values

It should be possible to fit models to better represent
observed signature values
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A which results in a better representation of runoff
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Sep 1: Establisnink between signaturevaluesand

d rain Analysis of simulated drain and simulated hydrologic signatures in two Danish
catchments (A: Stora, B: Odense)
i N e oo A each ~1000kin size
S T | W A set up as distributed, integrated groundwatsurface water model in
MIKE SHE
Analysis i®asedon hydrologicsignaturesof total 10—
streamflow at ID15 catchment* outlets, limited to . test
catchments with an aggregated area < 56km 08 |
We focuson total streamflow,asobservationdata e
exists forthis § oo et
8] .
Can we use simulated hydrologic signatures to -5 «.{" . .
il predict the simulated drain fraction ;
Doenr:arljowith al;ocl)l?)nlS catchments\outl\i.ned. Models usec(%rrain Q/total Q)? S P »
RF regression are the Stord (A) and the Odense catchméptyes,we can,usinga RandorrForest(RF) regressor!
(B). TheNorsmindecatchment(C) was used in the subsequent
model calibration experiments; see next slides. %0 0.2 0.4 0.6 0.8 10
*) all of Denmark is divided into hydrologic catchments with an average size ofltblenso called ID15 catchments simulated drain fraction

**) limited to smaller catchments, as we assume that effects of drain will be diluted with increasing catchment size

© Authors 2020. Altightsreserved 08-05-2020



Sep 2: Model calibration including hydrologic

signatures In objective function [Z==_
[ drain catchments

All model calibration experiments were conducted for a 100m-gcale e s

model of the Norsminde catchment (C on previous slide) in eastern Jutl + swouwawsterhead observatons

Denmark (based on work by Hansen et al., 2014, updated e.g. to includ| g i

new geology, Stisen et al., 2019) =f“§j::ds drain classes

A area ~145kr of which 65% intensive agriculture | B v crome e

A daily timestep, run from 2007 to 2017 1:|nearnafgran 7

A daily observations of drain flow available féensholtsubcatchment ',.,; _-r'[' :_"

(plus daily discharge data and groundwater heads)

Calibration against objective functions comprised of different metrics

S1 groundwater heads and KGE in 3 discharge stations
S2 gw heads, KGE, and 1 signature

S3 gw heads, KGE, and 2 signatures

S4 gw heads, KGE, and 6 signatures

Signatures were chosen mainly based on insight from the RF regressor:
A high flow event duratiors2 3
A skewness }

S4
A coefficient of variation, median g summer/winter, low flow event duration, slope of}FDC

t-." G‘; ._:;?-:=-‘ 'ty

l""n’.lr'

Basemapofthe Norsmmde catchment, displaying :alvallable data .
and theFensholtsubcatchment (yellow)for which detailed drain
flow data exists
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Sep 2: Model calibration including hydrologic
sighaturesg Results

Lack of data on draimot only is achallengefor model parameterization, but also for trealuation of

model results.Possibilities:

A For theFensholtsubcatchment, there exist daily data of drain flow from
8 tile drain outlets/subcatchments (sized 4ha to 34ha), and streamflow...c..

data

A can be used as raw data, or aggregated in time (monthly)
A can be used to estimate drain fraction (drain Q/total Q)

6204000 -

6198000

A Artificially drained area was estimated independent of this study for
all of DK Mglleret al.,2018, see slide 2)
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Monthly aggregateddrain flow in the Fensholsubcatchment, comparison of
observed and simulated values from the different calibration scenarios
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Spatialpatternsof simulateddrain flow in the Norsminde
model, in comparison to the estimated artificial drain
distribution.



Step 2: Model calibration including hydrologic
sighaturesg Results

Overview over different metrics of drain flow and its spatial distribution

mean KGE KGE drain, ME drain MAE monthly ME drain MAE monthly  R2 drain g sim
drain, D1 to D8 Fensholt fraction, all drain fractions [mm/d], all drain flow drain
[mm/d]
S1 0.52 0.82 0.02 0.06 -0.05 0.18 0.31
S2 0.45 0.79 0.09 0.12 0.05 0.13 0.35
S3 0.36 0.72 0.07 0.09 0.03 0.11 0.31
S4 0.49 0.82 0.06 0.11 0.01 0.15 0.34

By including hydrologic signatures in objective function:

A spatial fit of active/inactive drain cannot be improved consistently
(however, also validation data has significant uncertainties)

A matchof dailytimeseriesof observed and simulated drain cannot be improved consistently
(however, general fit is good, and some drain catchments (4ha to 34ha) only encompass few model cells (1ha

A monthly aggregated values for drain flow [mm/d] can be slightly improved
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Conclusions

Random Forest regressors could show that there is a correlation between (simulated) hydrologic signatures in
streamflow and simulated artificial drain

(e.g. also Bolan&rien et al, 2014)

However, it remains challenging to exploit the information in hydrologic signatures to improve the
representation of artificial drain in hydrological models

Possible ways forward?

A further investigations into which signatures constrain model in best manner
A apply more flexible parameterization

A try to incorporate more realistic representation of drain flow in model concept

A XK
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