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Abstract: Highly-resolved data on water balance components (like runoff or storage) are crucial to
improve water management, e.g., in drought or flood situations. Because regional observations of
these components cannot be acquired adequately, applying water balance models is a feasible
solution. We developed an innovative approach using the physically-based lumped-parameter water
balance model BROOK90 (R version) integrated into a sensor network platform to derive daily water
budget components for catchments in the Free State of Saxony. The model is not calibrated but rather
uses available information on soil, land use and precipitation only. We applied the hydro response
units (HRUs) approach for 6175 small and medium-sized catchments. For the evaluation, model
output was cross-evaluated in ten selected head catchments in a low mountain range in Saxony. The
mean values of Kling-Gupta efficiency (KGE) for the period 2005-2019 to these catchments are 0.63
and 075 for daily and monthly discharge simulations, respectively. The simulated
evapotranspiration and soil wetness are in good agreement with the SMAP_L4_GPH product in April
2015-2018. The study can be enhanced by using different data platforms as well as available

information on study sites.

Keywords: water balance components; soil moisture simulation; hydro response unit; BROOK90;
SMAP soil moisture data

1. Introduction

Spatiotemporal information of water balance components is important for many aspects of water
management, hydrological modeling and forest management [1]-[3]. It often serves as initial
information for hydrological models to describe discharge generation processes [4], [5] and thus can
be applied in the impact assessment of flood events. However, information on precipitation,
evapotranspiration (ET) and soil moisture (SM) on a regional scale are increasingly important for
assessing droughts as well [6]-[8]. This is especially the case in Europe, which has suffered in various
economic and social sectors in recent years due to on-going droughts, even though it is considered a
water-rich continent [9], [10]. With the increasing effects of climate change, the need for regional
hydrological information becomes more relevant because of the high intensity of the increase of all
kinds of water-related extreme events [11], [12].

The ability to describe the water balance on a regional level thoroughly is linked to the
availability of information on its components. While precipitation is the main driver of the water
balance and discharge (Q) can be measured and interpolated via different methods, information on
ET and SM are rather limited. On a regional scale, it is not feasible to measure such components due
to the high-cost demand for logistics and technical devices [13], [14]. Despite the growing in-situ
measurement networks, for instance, the International Soil Moisture Network [15], SM data is still
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scarcely available [1]. Besides, they are point-scale observations, which are representative only for a
volume of a few centimeters [14], [16]. Regarding ET, a global network of micrometeorological tower
sites are putting effort to capture ET with eddy covariance technique for footprints of 10 to 100 meter;
however, the number of these sites is still limited to around 1000 worldwide [17].

To compensate for the spatial limitations of in-situ measurements, remote sensing products are
gaining rapid attention, especially in hydrological modeling [18], [19]. Recent common products are
soil moisture active passive data (SMAP) at 9 km * 9 km resolution from a NASA mission [20], [21]
and soil moisture and ocean salinity data (SMOS) at 25 km * 25 km from a European Space Agency
(ESA) mission [22]. Both have been assimilated in various hydrological models to improve Q
prediction [23], [24] or were applied in deriving the SM deficit for drought monitoring in India [25].
However, not only the resolutions of these products are still too coarse for regional-scale applications
[5], but also the laser penetration of such a satellite is rather shallow on the surface (e.g., 5 cm) [26].
Due to the limitations of both in-situ measurements and remote sensing techniques to capture water
balance components at high resolution, water-balance models are often considered a good alternative
to derive spatially and temporally consistent water balance components.

There are numerous studies available on simulating water balance components in various
spatial and temporal resolutions. At point scale, a water balance simulation is often carried out only
for a specific tree species or crop type [27]-[29]. In this field, Schmidt-Walter et al. [3] contributed a
remarkable work by establishing water budget simulations for 8800 inventory clusters in forests
across Germany. However, the point scale approach is limited by its spatial distribution. Many
efforts, hence, are tried out to upscale from point simulation to a regional scale. For instance,
Schwirzel et al. [2]) applied a GIS-based modeling approach for predicting and regionalizing the
components of water balance at 2 km * 2 km testing area in a forest site. Zink et al. [1] established
highly-resolved water fluxes at 4 km*4 km resolution for entire Germany. Last but not least,
Vorobevskii et al. [30] upscaled it globally using global data sets. Even though the regional simulation
approach can provide water balance components spatially, the current achieved resolution is not
adequate or limited for applying to hydrology, particularly in spatial distributed hydrological
modeling. Thus, this raises a challenge for a simulation approach to estimate water balance
components at high resolution, particularly make them applicable to spatial distributed hydrological
models.

This study presents an approach to simulate spatially distributed water balance components
with a plot-scale model. The physically-based lumped model BROOK90 is set up for the whole Free
State of Saxony (Germany) with the automatized implementation of land cover (CORINE (2012)) and
soil information (BK50) as well as automatic retrieval of meteorological input from a sensor platform.
We took advantage of the EXTRUSO project as a web-based information system providing all
necessary data [31]. We performed the catchment simulations based on their hydro response units
(HRUs) for the whole region and compared the model results to the observed discharge and
simulated ET and SM (SMAP data [20]). The focus of the validation is on small to medium-sized and
headwater catchments, which are mostly ungauged [32]. In these areas, data inputs are rather
unavailable; thus, automatic data retrieval is tested to overcome this limitation.

With this approach, we will clarify (1) if the automatic parameterization of HRUs works reliably
throughout the whole region of Saxony based on given datasets, (2) how reliable an uncalibrated
model version gives suitable results for Q and ET/SM, and thus can show (3) if a physically-based
lumped model can substitute spatially-distributed modeling on a regional scale.

2. Materials and Methods

2.1 Study area

The German federal state Free State of Saxony is located in the moderate climate zone of Central
Europe but shows a more continental climate than the West and North of Germany [33]. Within
Saxony, regional climate differences can be observed. The average annual temperature (1991-2005) in
the Northern flat and Central hilly part (Figure 1) was between 8.5 and 10 °C, while between 6 to 7.5
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°C in the low mountain ranges and the Fichtelberg being the coldest region with about 4 °C [34]. The
same applies to the average annual precipitation of 500 to 800 mm in the lowlands and about 900 to
1200 mm in the low mountain ranges for the same period. From the hydrological perspective, the
most important and largest river is the Elbe, which flows through Saxony from Southeast to
Northwest. The other main rivers Mulde, Weifleritz, Zschopau and Weifle Elster, which are
originated from Ore Mountains, contribute to the Elbe river system from the southern direction
(Figure 1). The most common land-use types in the whole region are agriculture areas and forestry,
with additional urban areas and open water bodies spread over Saxony. The soil varies from loamy
soils and sandy soils in the Central and Northern part of Saxony to soils with high stone fractions in
the low mountain ranges [35], [36].

The validation of the model performance was carried out based on ten selected catchments
according to the following criteria: (1) small to medium catchment size (< 200 km?), (2) variation in
area and elevation and (3) no proven human activities (dam, reservoir, the domination of urban areas)
based on satellite images. The selected catchments are shown in Figure 1. They have an area from 30
to 130 km? and are located between 124 to 660 m.a.s.l. The main characteristics of the selected
catchments were summarized in Table 1.

Leipzig
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== (Countries borders [ 900
— Catchments Bl 1200

Figure 1: An overview of ten selected catchments for validation (WGS-84 Pseudo-Mercator projection)
with a background from a digital elevation model (DEM) based on SRTM30. The ID numbers of the
catchments can be referred to in Table 1.

Table 1: Summary of important characteristics of selected catchments
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Area  Average HRU Land use [%]
) .
Catchment/ID Licm elevation / ) Agricult  Grass Deciduous  Evergreen Other
1 [m.a.s.L] Km -ure Land Forest Forest €
Grof3schweidnitz 1 41.44 239.66 7.2 47 21 2 18 12
Holtendorf 2 54.17 269.29 3.4 65 13 2 13 7
Kreischa 3 4388 384.91 11.2 44 25 4 22 5
K h 130.
rummenhenners - 130.9 o0 60y g 57 29 0 5 9
-dorf 2
Neustadt 5 40.18 386.16 7.7 30 24 4 28 14
Niedermuelsen 6 49.58 355.61 9.7 47 21 1 18 13
Niederoderwitz 7 28.87 123.80 3.1 53 18 2 4 23
Niederzwoenitz 8 31.36 600.58 2.8 29 16 0 44 11
Reich h-
eichenbac 9 4251 26605 62 64 18 3 6 9
Oberlausitz
Tannenberg 10 91.48 662.02 43 24 23 1 42 10

2.2. Model setup

2.2.1. BROOK90

The BROOK90 model is a physical lumped-parameter water budget model designed for small,
uniform catchments. It is widely applied to estimate daily water fluxes at the soil-plant-atmosphere
interface [2], [29], [37], especially due to its good representation of ET. ET is considered in BROOK90
by applying the well-known Penman-Monteith equation twice: once for the canopy and once for the
soil surface [38]. Soil water movement is described by multiple soil layers with saturated and
unsaturated matrix flow and macrospore flow using Richard’s equation. Soil water retention and
hydraulic conductivity in the soil profile is described by applying a modification of the Campell
expressions [39] with near saturation interpolation of Clapp and Hornberger [40]. The model can
operate with different levels of meteorological data input, from a minimum input of daily data of
precipitation and minimum and maximum temperature (Tmin and Tmax) up to daily values for
precipitation, Tmin and Tmax, solar radiation, vapor pressure and wind speed.

This study uses an identical translation of the original BROOK90 model [38] in the R
environment (BR90-R), documented and available via Github
(https://github.com/rkronen/Brook90_R). BR90-R enables not only to enhance the operation of the
model in a sensor network but also to run the model in parallel modes for a large number of
simulations.

2.2.2. Land cover parameterization

The land cover (in BROOK90: canopy) parameters, such as leaf area index (LAI), canopy height,
albedo, maximum canopy conductance, a fraction of resistance, maximum leaf conductance and
relative root density are needed as model input. The land covers in this study were derived from the
CORINE 2012 map (European Environment Agency), which contains 31 different categories of land
cover types at high resolution (100 m). The categories are static; in other words, land cover aging is
neglected. To date, there is no common way of translating land use characteristics into the mentioned
parameters [30], [41], [42]. We simplified the 31 land cover categories into the five most common
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(dominated types in the study area) to reduce the associated uncertainties when considering more
types. We thereby could take advantage of the well-documented canopy parameter choices by
Federer et al. [38], with further adjustment from the extensive measurements in the Tharandt forest
of Bernhofer et al. [43] and profound literature studies of Peters et al. and Schwarzel et al. [28], [44].
Table 2 shows an overview of the simplification and the area percentage of the re-categorized land
covers in Saxony. Each category of land cover was assigned a specific set of parameters. In the study
sites, the coniferous and mixed forests have similar characteristics to evergreen forests and the broad-
leaved forest’s characteristics are similar to the deciduous forest. Thus, we arranged them accordingly
(Table 2). Due to the lack of information from specific tree species, the spruce tree was chosen as
representative for the evergreen forest, and the deciduous forest, we selected the beech tree as
representative. Since BROOK90 is not meant to apply in urban areas and open water bodies, those
areas were parameterized and treated as missing information in the modeling approach.

Table 2: Overview of simplified land uses derived from the CORINE map applying for Saxony

Simplified land used Percentage (%) Categories in CORINE map
Evergreen forest 14.0 Coniferous and mixed forest
Deciduous forest 23.0 Broad-leaved forest

Land principally occupied by agriculture,
significant areas of natural vegetation,
Agriculture/cultivated land 47.0 Complex cultivation patterns, Fruit tree and
berry plantations, Non-irrigated arable land,
Agricultural farms.
Natural grassland, Pasture, meadows and
Grassland/meadows 3.2 other permanent grasslands under
agricultural use
Continuous urban fabric, Road and rail
Urban infrastructure/others 12.8 networks, and associated land, Mineral
extraction sites, Airports, Watercourses.

2.2.3. Soil parameterization

The soil parameterization in BROOK90 requires information of matric potential, soil water
content at saturation and field capacity, exponent in the Brooks and Corey equation as given by Clapp
and Hornberger [40], hydraulic conductivity at field capacity and wetness at the dry end of the near-
saturation range for a soil layer for each layer of a soil profile. This soil information for whole Saxony
can be derived from the BK50 with a 50 m resolution. The BK50 contains specific properties for each
soil types, which are classified into 31 soil classes (Figure 2, in black) based on the soil textural
properties (percentage of sand, loam, and clay) according to soil science mapping guide
(Bodenkunlichen Kartieranleitung, version 5, table 76) [45]. In Saxony, the BK50 in total encloses
approximately 1000 soil profiles. They are extended to a maximum of 2.7 m soil depth, if not limited
by bedrock.

BK50’s physical properties of soil (bulk density, soil textures of sandy loam and clay) with the
help of pedotransfer can be used to describe soil hydraulic properties such as soil water retention and
hydraulic conductivity functions [3], [46]. As suggested by Federer et al. [38], the Clapp and
Hornberger hydraulic parameters [40] were applied to describe water movement in soils. However,
the parameters sets are available for 12 different soil types (Figure 2, in red), classified according to
the American system USDA [47]. To take advantage of these detailed soil parametrization, we
translated the 31 BK50 soil types of the German system into 12 USDA ones using the information of
soil texture, particularly the percentage of sand, silt and clay provided in the associated table of the
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BK50 (Figure 2). Details can be found in the documentation of the R-package “soiltexture”
(https://github.com/julienmoeys/soiltexture).
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Figure 2: Over plotted soil types classified after the American system USDA (in red) and the German
system (in black). The abbreviations of the soil types in the two systems are well documented in the
“soiltexture” package.

2.2.4. Spatial realization

The spatial realization of the model is done with hydro response units (HRUs), also known as
hydrotopes. An HRU is defined as a unique combination of topography, land cover and soil profile.
The characteristics required for model parametrization are derived from a 10 m digital elevation
model (DEM) and a digitalized soil map at 50 m resolution (BK50), which are provided by LfULG
(Sachsisches Landesamt fiir Umwelt, Landwirtschaft und Geologie, Datenportal fiir Sachsen) as well
as a land cover map at 100 m resolution (CORINE 2012). Fixed parameters were set with default
values, as suggested by Federer et al. [38].

HRUs are defined by uniform areas within the catchment according to soil and land-use via
superposition. As a result, the Free State of Saxony is split into 115578 HRUs with areas ranging from
2.53*10"-10 km? to 31 km? (median value at 0.037 km?). Water balance processes are simulated at the
HRU scale for all catchments meaning: Each HRU is considered a homogeneous area that allows a
plot-scale simulation. BR90-R is thus run for each HRU to estimate water fluxes. The area-weighted
average of all HRUs inside the catchment border estimates the final catchment fluxes. Small
catchments can already contain up to 100 HRUs or more depending on their location and the
resolution of the underlying information of land use and soil. A high number of HRUs considers the
variability of the land surface in a catchment; however, this requires high computational effort to use
in models.
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Since the scope of the study is to represent the water balance on a small to medium catchment
scale, Saxony was simulated based on catchments with areas ranging from 0.001 to 115 km? (with a
median value of 3 km?). LEULG provides the shapefiles of all 6175 catchments in Saxony. Border
catchments with the German States Bavaria, Thuringia, Saxony-Anhalt and Brandenburg as well as
the Czech Republic or Poland are included in the simulations only if a minimum of 75% of the area
is within the territory of Saxony. In these cases, the external area is not considered in the model and
the information from within Saxony is used as a representative for the whole catchment. This setup
is due to data availability, which is “State-based” within Germany.

An example of the described approach is given with the Niedermuelsen catchment, as shown in
Figure 3. The simplified land use map (b) was intersected with the transformed soil map (c) to derive
the combination of HRUs (d). Thus, approximately 500 HRUs are found in the area of 50 km? within
the catchment.

a) b) d)

A | O

- 0 10|  20km
> < \ / L — — S|
o & [ |
— Catchment border DTM [m] Land cover type Soil texture class Sand
— River network [ 200 M Coniferous forest M Clay B Sandy clay loam
[J SMAP grid 1275 M Deciduous forest M Clay loam Samdy loam
|/ HRU 350 M Grassland M Loam Silt clay loam
B 425 Agriculture B Loamy sand Silty loam
[l 500 M Urban areas B Water/Urban [ Undefined

Figure 3: An overview of the input datasets (WG-84 projection), exemplary for the Niedermuelsen
catchment: (a) digital elevation model (DEM) based on 10 m, (b) land use map simplified from
CORINE 2012, (c) soil map converted from USDA soil classes and simplified from BK50, (d) HRUs:
intersecting between simplified CORINE and BK50 and (e) SMAP_L4_GPH grid tiles.

Note that the model structure does not allow water exchange between the HRUs, thus no water
flow (routing) within a catchment. The modeling is not fully distributed, but a rather pseudo-spatial
representation of water balance components for a catchment. Furthermore, the groundwater recharge
process associated with flow parameters in the model, is not considered in this study. The evaluation
of bypass flow and groundwater flows to the model performance, which requires a systematic
calibration, is worth to be a topic on its own. Thus, we focus on an uncalibrated model approach to
evaluate the performance of the physically-based parameters. In addition, the meteorological data
input is generated for the catchment only, not for each HRU.

2.2.5. Meteorological data input
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BR90-R requires meteorological measurement information as data input. This data is obtained
from the web-based information system described in Wiemann [48]), which was developed as part
of the EXTRUSO project (https://extruso.bu.tu-dresden.de) at TU Dresden. The platform
automatically retrieves and integrates data from various in-situ sensor networks on an hourly basis.
This data can be subsequently accessed, processed and downloaded, e.g., for a certain study site. For
the area of Saxony, data from more than 2000 hydrological and meteorological sensors are made
available. The R-based xtruso package (https://github.com/GeoinformationSystems/xtruso_R) was
developed to facilitate the integration of this data for meteorological and hydrological modeling. By
using this package in combination with the aforementioned sensor information system, input for the
BROOK90 model is generated as follows:

1. Selection of a catchment by using catchment ID number integrated with the package

2. Automated extraction of relevant catchment information, i.e., elevation, soil profiles and

land covers

3. Automated search for in-situ measurement stations in the surrounding of the catchment

(max. ten stations with a max. height difference of 200 m to avoid elevation effects)

4. Automated extraction and daily aggregation of measurement time series for the identified

in-situ stations

The final input values at the catchment location are estimated from the surrounding
measurements by the inverse distance weighting method, widely applied for interpolating climate
variables [49]-[51]. The model input requirements are fulfilled by the following daily statistics:

e mean global radiation,
e max/min temperature,
e mean vapor pressure deficit derived from the mean temperature and the mean relative
humidity based on the Magnus equation
¢ mean wind speed and
e precipitation sum
The generated time series serve as data input for all HRUs of the corresponding catchment.

2.3. Model application and validation

2.3.1. Model applicability test

Implementing the model approach for the whole Free State of Saxony requires a lot of
computational time and effort. Each catchment simulation will use the automatic retrieval of
meteorological data input, making the simulation of the whole region very time-consuming, although
a parallel mode was integrated into the code. To reduce time, we did a pre-screening of the region by
applying the same meteorological data input for six years to all HRUs to test the general possibility
of spatial water balance simulation. As a result, around 80% of the area of Saxony was able to simulate
(Figure 4, green color). Particularly, this area covers the catchments in the mountainous areas, which
have more flooding potential and from where it is difficult to acquire the water fluxes in high
resolution. The model did not work for the remaining 20% are also presented in Figure 4. Most errors
are caused by translating soil profiles from BK50 into BR90-R (black color). Another error was
associated in areas with shallow soil in the upper layers (brown color). During periods of drought,
the simulated amount of ET will exceed the simulated amount of water contained in the soil, which
will cause the model to stop. Urban areas (red color) are too heterogeneous to model for BR90-R; thus,
no reliable parameters are available for this category of land cover. Finally, areas of large water bodies
such as rivers, lakes or reservoirs (blue color) are not considered as the BK50 does not provide any
soil profile information in these areas.
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Figure 4: Overview of the approach performance in the Free State of Saxony.

2.3.2. Validation

The calibration of parameters was not the scope of this paper since we were interested in the raw
results of using meaningful physical parameters in BR90-R. Thus, the model performance was
directly evaluated against Q, ET as well as SM data at different spatial and temporal resolutions. The
simulation period is 2005 — 2019, which resulted from a limitation caused by the platform’s data
storage capacity. Note that evaluating the model outputs requires excluding a three-month spin up
period at the start of each BROOK90 model run to allow the SM to reach a point of equilibrium to
avoid its effect on hydrological processes.

a) Q: Simulated Q was compared with daily and monthly time series of data from flow
gauges for the whole simulation period of 2005 — 2019. The observed Q data for the
selected catchments is available in an hourly resolution and unit m®/s provided by
LfULG. To use the data in BR90-R, all values were converted to mm/d by taking into
account the catchment areas aggregated to daily values.

b) ET: Since observed ET from direct measurements is not spatially available in general,
we chose to take data from the satellite-based SMAP product, which is based on the
Catchment land surface model (LSM) of the NASA Goddard Earth Observing System
version 5 (GEOS-5) modeling and assimilation framework [20], [52]. ET is taken from
SMAP’s Level 4 surface and root-zone soil moisture product (SMAP_L4_GPH) with a
spatiotemporal resolution of 9 km * 9 km and 3 hours intervals [20], [21]. An illustration
of SMAP_L4_GPH grid cells with the example of the Niedermiilsen catchment can be
seen in Figure 3(e). ET data of the product was extracted from all grid cells that are partly
or fully covering the considered catchment, area-weighted averaged and aggregated to
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daily resolution for validation. Due to data availability, the validation period for ET was
chosen from April 2015 to 2018.

c) SM: SM data was retrieved from SMAP_L4_GPH similar to ET with the following
additional step: SM from BR90-R was divided into the soil profile porosity (BK50) to
derive SM wetness, which is comparable with SM from SMAP. The same validation
period as ET was chosen. Note that both described, SM and ET are not considered true
observations, rather additional sources to cross-check the model performance. Still, both
assimilated values are based on observations by the satellite.

As commonly done in hydrological research and other disciplines [22], [53], the skill score Kling-
Gupta efficiency (KGE) [54] and its decomposition components (correlation, mean bias and
variability bias) were chosen to quantify the model results with the following Equation 1:

KGE=1-J(R—1)2+ (a—1)2+ (B - 1)? (1)

With R being the correlation coefficient, @ = 0y, /0,ps the standard deviations o of simulations
and observations, and f = L, /Hops being the ratio of the simulated and observed means p. KGE
will equal 1 for a perfect fit of the simulation when R, a and § are all at their optimal value 1. One of
the advantages of using KGE is the consideration of multiple aspects in the comparison. However,
according to [55], the KGE value at-0.41 shows that the model performance is as good as the observed
mean flow.

3. Results and discussions

3.1. Variation between HRUs

The comparison of simulated and observed water balance components are shown with the
example of Krummenhennensdorf catchment in Figure 5.
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Figure 5: Daily and monthly time series of simulated (weighted mean and max/min range from all

hydrotops) runoff, soil wetness and ET compared with observations for the Krummenhennersdorf

catchment (4) as exemplary.

Figures for other catchments can be found in the supplement. For a better display, daily values
(left column) are shown from January 2015 to December 2016 (2 years) and monthly values (right

column) are shown from January 2015 to December 2018. Modeled and observed Q values matched

well on the seasonal dynamics of water flow, namely high Q in the spring months due to snowmelt
and low in summer months due to the high rate of ET. Generally, good agreements are seen in both
temporal scales. Particularly, the long duration of low flows in the year 2018 (and, not shown in
Figure: 2019) due to the drought situation in Germany was captured well. The simulated peak flows
are overestimated on a daily scale; however, they are improved on a monthly scale. The seasonal
pattern of SM and ET are visible on daily and monthly scales with wet soils in winter months and

dry soils in summer months as a consequence of ET response to inter-annual radiation pattern. This
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behavior was observed in all selected catchments. Interestingly, the drought from 2018 (whole
Germany) via SM was clearly shown in the simulation results.

Generally, the selected catchments show no distinct difference in the behavior of the water
components itself since they are located in the same climate zone. Within one catchment, there is a
large range between minimum and maximum values of the corresponding hydrotopes for all water
balance components, indicating the great variety of possible catchment responses. Due to the general
higher variability of flow values, the range of simulated discharge values is higher than for ET and
SM. From the first impression, it seems that the average values of simulated SM especially fits well
with the SMAP observations and that there is a good representation of the ET pattern while the ET
values of SMAP seem to be a bit replaced, especially for summer months. One interesting observation
was that the range of SM values between the HRUs is similarly high for all catchments, independent
of their area sizes. These variations show the high spatial heterogeneity of SM and thus emphasizes
the importance of representing SM at a high resolution [16], [56].

3.2. Skill score

3.2.1. Catchments average

In this section, we present a quantitative evaluation via selected skill scores for simulated water
balance components. The area-weighted mean values of the considered variables Q, SM and ET (red
lines in Figure 5) were used as representatives for the catchments for comparing the simulations with
observations. The mean values of the skill scores for all ten catchments are displayed in Table 3. On
a daily scale, the mean values for daily Q are 0.63 (KGE), 0.72 (R), 1.04 and 1.04 (ratios of standard
deviation (@) resp. mean (f)), which indicate an acceptable performance of the model. A slight
improvement of the Q simulation was observed on a monthly scale (0.75 (KGE), 0.88 (R), 1.16 and
1.04 (@ and f3)). While high values of KGE and R confirm a good performance of the model approach,
the values of a and f greater than one shows an overall overestimation of Q. This issue is likely
caused by excluding bypass flow and groundwater recharge processes from the simulation. Thus,
water, which is lost to an aquifer, is eventually accumulated at the catchment outlet. A similar
conclusion was drawn by Vorobevskii et al. [30], which also applied a similar approach.

The skill scores of SM between the two datasets of BR90-R and LSM from SMAP products show
an overall good correspondence on a daily scale and a monthly scale. The values for both scales are
almost identical. High KGE (KGE >0.75) and correlation(R> 0.85) was observed in the validation
period. However, a (<0.8) and (= 0.94) indicate, in general, an underestimation of soil wetness
derived from BR90-R compared to LSM. This result arises because of the differences in the model
setups, e.g., due to model structure, data input, land cover map, soil map, parameterization approach
as well as resolution. Additionally, the pedotransfer function applied in the LSM was derived from
Wosten et al. [46] and updated by De Lannoy et al. [57], which has a different approach compared to
the Br90-R [38]. Last but not least, the non-representative of 9 km * 9 km model grid cell of SMAP for
the area-weighted mean of the HRUs approach can be accountable for this underestimation.

Similarly to the results of SM, the skill scores of ET for the two products show a good agreement
on both scales. While KGE >0.6 and R>0.8 exhibits a relatively good correlation of ET, @ = 0.86 and =
0.70 indicate the underestimation of ET from the BR90-R compared to ET from LSM. Even though
both models use the Penman-Monteith equation [58] to describe ET processes, approximate 20 % of
ET of the BR90-R was less than the one from LSM, which is due to the abovementioned reasons of
the model setups and miscalling issue.

More detail can be seen in the analyses for individual catchment and seasonal variability in the
next section.

Table 3: Average skill score of all catchments (KGE: Kling Gupta efficiency, R: Pearson correlation, a:
standard deviation ratio, § mean ratio between BROOK90 model outputs and “observation”) for Q,
SM and ET
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Validation Daily resolution Monthly resolution

Period KGE R a B KGE R a B
MeanQ  2005-2019 063 072  1.04 104 075 088 116  1.04
MeanSM  2015-2018 076 086 079 094 076 087 076 094
Mean ET  2015-2018 062 083 086 070 065 092 087  0.71

Variable

3.2.2. Catchment and seasonal variation

The evaluation based on skill cores for the simulations and observations varied from catchment
to catchment as well as to water balance components (Figure 6). Note that the catchment names can
be found via catchment IDs in Table 1. Overall, the water balance components dynamics of ten
selected catchments are satisfactorily captured by the model in the study period. The ranges of KGEs
for Q corresponding to the ten selected catchments are 0.42 to 0.85 on a daily scale and 0.56 to 0.9 on
a monthly scale. The spread of KGEs for the monthly Q is slightly narrower compared to daily flows.
This pattern is also applied to R and a values. As expected, the high temporal variability of daily Q
is flattened when averaging over a longer (monthly) period, which leads to an overall better
agreement between observed and simulated Q. The best model performances were found at
Krummenhennersdorf (KGE > 0.85) and Niederzwoenitz (KGE>0.78), where the differences between
daily scale and monthly were minor. A relatively lower model skill in simulating the Q dynamics
was observed at Grossschweidnitz, Holtendorf, Niederoderwitz and Reichenbach Oberlausitz
(numbers 1,2,7 and 9 in Figure 1 and Figure 6), where are located at the farthest East from Saxony,
namely the Oberlausitz region. These results could be attributed to the lack of information on
meteorological data input due to a sparse network of sensor measurements. Additionally, sensors
data from the neighboring countries such as the Czech Republic and Poland are not available, thus
not integrated into this study. Nevertheless, the model performances of the four abovementioned
catchments are considered acceptable comparing to those found by previous studies, such as [30],
[37], [59]. Thus, we conclude that the uncalibrated version of the BROOK90 model can capture the Q
dynamics in the ten selected catchments.

In addition, evaluating the skill scores for SM and ET between the BR90-R model and the LSM
in the study period confirms a good correspondence in all catchments. The ranges of KGEs are 0.6 to
0.89 and 0.55 to 0.69 for SM and ET, respectively (Figure 6). Unlike the Q dynamics, the model
performances of SM and ET were consistent on both scales in all catchments. A clear trend can be
observed is that SM and ET from the BR90-R were estimated as lower than from the LSM reveal by
the ranges of a (0.54 to 0.94 for SM and 0.71 to 0.96 for ET) and the ranges of § (0.82 to 1.21 for SM
and 0.67 to 0.74 for ET). An exception was found at the catchment Neustadt (number 5 in Figure 1
and Figure 6), where soil wetness derived from the BR90-R is wetter than the LSM. This could be
attributed to the soil profiles derived from the two maps applied in the models, which accidentally
caused the overestimation of SM in the catchment. We observed further the relationships between
model performance and the characteristics of the selected catchments (e.g., topography, land cover,
area as well as the density of HRUs as listed in Table 1). We could not see any significant relationship.
In contrast, the studies of Newman et al. [60] or Mc Millan et al. [61] exhibited a clear dependency
between model performance to characteristics such as the catchment area. Thus, the observation from
the ten catchments might suggest the validity of the approach for the regional scale.
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Figure 6: Skill scores of water balance components (ET=et, Q=q, SM=sm) for ten selected catchments
on a daily and monthly scale.

The model simulations were further evaluated for the seasonal variability as our study sites are
located in a temperate region, which is significantly characterized by seasons. We considered only Q
and estimated the selected skill scores in the study period on both daily and monthly scales (Figure
7). The average KGEs on a monthly scale of ten selected catchments is 0.62, 0.70, 0.53 and 0.70 for
spring, summer, autumn and winter, respectively. The highest variation in terms of § was observed
during spring, when the snowmelt process takes place, and the lowest in winter, in which the loss of
ET is lowest among seasons. In addition, we observed very high and consistent correlations in all
catchments on a monthly scale in summer, although most of the high precipitation events due to
convective rainfall occur during this time. Hence, we can assume that the sensor measurements from
the platform can capture such events well. Last but not least, the consistent values of @ and f values
reveal outperformance in winter comparing to other seasons. This can be attributed to saturated SM
in winter, which supports surface flow processes quickly after a rainfall event. Thus, the impact of
the infiltration process is reduced and the model can well capture the Q dynamics.
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Figure 7: Skill scores of the seasonal variation for Q for ten selected catchments on a daily and monthly
scale. The seasons are defined as spring (spr) March to May, Summer (sum) June to August, Autumn
(aut) September to November and Winter (win) December to February.

4. Conclusions and outlook

In this study, we present a new approach to simulate water balance components at a high spatial
resolution using the BROOK90 model integrated into the data platform developed in the EXTRUSO
project. The model is not calibrated and its parameters are derived merely by detailed orographic,
land use and soil information as well as available literature. It is feasible as most of the parameters of
the model have physical meanings, which can be measured and/or transferred from similar study
sites. The simulations were followed by the HRU approach and applicable for more than 80% area of
Saxony. The validation in ten selected head catchments in a low mountain range showed a reliable
model performance. Thus, our results underline that the automatic parametrization approach
performed assuredly with available information in the study site. Additionally, the uncalibrated
model version revealed itself to be able to deliver reasonably distributed water balance components.
The study provides a feasible way to consider the changing climate conditions and shows that a
physically-based lumped model can substitute for a spatially distributed one on a regional scale.
Nevertheless, numerous drawbacks are resulting from the model structure, parameterization
approach, modeling concept, as well as data for validation, which will be considered in our ongoing
work.

e The lack of routing mode in the model structure causes the estimation of the discharge
to be mere as the water remaining after ET, SM and groundwater processes. Thus, the
simulated Q has rather a meaning of an amount of accumulated water than its temporal
distribution characteristics [2]. It can be seen at the daily scale of the validation of the
ten catchments. Integrating an additional routing mode may solve this problem and
would approach fully distributed. It can be implemented as the BR90-R version allows
for coupling external modules in its structure; however, this step can cause more
computational time and loosen the characteristics of HRUs.

e The evaluation regarding discharge for individual catchments revealed an uncertainty
of the model performance in the border region, namely the Oberlausitz at the farthest
East of the State. It may be caused by the limitation of the density of climate stations in
the region, which makes it difficult to capture the climate conditions representatively.
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Thus, a high spatial resolution climate dataset such as precipitation from radar data can
overcome this issue.

o The 20% areas, where the model cannot be implemented, can be adjusted by modifying
the soil profiles. For instance, soils with shallow surface horizons can be fixed by
combining several thin layers into one with which we can obtain a new soil profile with
similar soil hydraulic properties. For urban areas out of the scope of the application of
the model, pre-event SM derivation for an area, the curve number method (also called
the Soil Conservation Service or SCS) [62]-[64] can be applied as a good alternative. The
areas which caused system error was found to be associated with lacking soil profile
information from the BK50, which prevents the simulation in the sub-soil-process of the
model. Thus, an updated, more precise soil map is needed.

o The suggested approach to derive parameters from the soil and land use maps is a good
practice to translate the characteristics of the catchments to the model. Nevertheless, the
parameterization is still limited due to the simplification of land cover classes,
assignment of class to one species and the transformation of soil systems. A systematic
calibration for all the catchments might improve or compensate for such discrepancies.
In other words, a spatial parameter derivation is needed.

e SMAP_L4_GPH is a valuable data source to validate model outputs, particularly at a
regional scale. However, a direct comparison with in situ measurement is a better choice
to prove the plausibility of the ET and SM.

Supplementary Materials: The following are available online at www.mdpi.com/xxx/s1, Figure S. 1-9: Daily and
monthly time series of simulated (weighted mean and max/min range from all hydrotops) runoff, soil wetness
and ET compared with observations for the selected catchment (IDs from 1-3 and 5-10).
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