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ABSTRACT

Stream temperature is among the main drivers affecting water quality by influencing chemical reaction rates and biological
activity. Due to globally rising air temperatures, increased stream temperatures are equally rising and becoming more relevant
for ecosystem health. Stream temperature is influenced by a complex interplay of climate, hydrological processes and catchment
characteristics. However, these process interactions are often overlooked when being integrated with hydrological models. This
study addresses the limitations of a simplified stream temperature model by using the ecohydrological model Soil and Water
Assessment Tool (SWAT+). Our goal was to enhance the process representation in the current stream temperature model by
refining the mass transfer processes. We included heat transfer processes improved by a channel shape parameter, and the influ-
ence of riparian shading with an improved equation to simplify the modified dew point temperature calculation. The enhanced
SWAT+ model was tested at 23 stations in a medium-sized mountainous catchment with high-resolution observed stream tem-
perature data. Our results show that the enhanced model significantly improved performance, achieving a mean Kling-Gupta
Efficiency (KGE) of 0.8 across all calibration sites. We improved previous advances in stream temperature modelling within
this work by focussing on the importance of accurate process representation. A key finding was the impact of runoff component
contributions on the stream temperature model performance. The model performed particularly well during spring, autumn
and very low to moderate flows. The improved stream temperature representation therefore not only serves as a valuable tool for
management decisions and ecological applications but also benefits modelling other water quality variables.

1 | Introduction Ormerod 2009; Ouellet et al. 2020), and thus plays a key role for

river habitats (Dugdale et al. 2016; Durance and Ormerod 2007;
Stream temperature is often referred to as an overarch- Haase et al. 2019). It interacts with multiple stressors, such as
ing variable in water quality research (Wade, Kelleher, and dissolved oxygen (Ficklin, Stewart, and Maurer 2013), and af-
Hannah 2023; White et al. 2023). It is known to influence biolog- fects invertebrate communities (Haase et al. 2019) and other

ical and physicochemical processes (Caissie 2006; Durance and biological activities, such as primary production (Durance
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and Ormerod 2007). As it affects directly or indirectly the
wider stream ecosystem, variability of stream temperature is
a research focus in several studies (Hannah and Garner 2015;
Langan et al. 2001; Loerke et al. 2023; Webb et al. 2008; Worrall
et al. 2022).

Stream temperature is primarily controlled by air tempera-
ture, followed by environmental processes and anthropogenic
impacts depending on the catchment characteristics (Hannah,
Webb, and Nobilis 2008; Mohseni and Stefan 1999). Although
a strong positive correlation exists between air and stream
temperature (Ficklin, Stewart, and Maurer 2013; Stefan and
Preud'homme 1993), the relationship is not linear: At low tem-
peratures, ice cover and groundwater prevent negative tem-
peratures and at high temperatures, evaporative cooling and
outgoing radiation reduce heating (Mohseni and Stefan 1999;
Van Vliet et al. 2011). Large-scale climatic processes are
warming or cooling the river water through radiative, latent,
sensible and advective heat exchange (Hannah, Webb, and
Nobilis 2008; Hannah and Garner 2015). Several other hydro-
logical processes can influence stream temperature dynamics
depending on catchment characteristics (Garner et al. 2014;
Loerke et al. 2023). Depending on the scale and catchment
properties, land use, shading by riparian vegetation, topogra-
phy, groundwater and snowmelt come in as moderating factors
(Garner et al. 2017; Worrall et al. 2022). Hyporheic exchange,
friction and channel morphology drive the heterogeneity of
stream temperature at reach scale (Caissie 2006). Human ac-
tivities such as water extraction, inflows of industrial effluents
or cooling water, land use and management and reservoirs
can have additional significant effects on stream tempera-
ture (Ficklin et al. 2023; Wade, Kelleher, and Hannah 2023).
Recently, prolonged droughts and heat waves led to reduced
flow and higher air temperatures and thus to rising stream
temperatures. Dampening processes such as snowmelt or
groundwater exist in several catchments but can be reduced
by climate change (Benz et al. 2024; Langan et al. 2001; Van
Vliet et al. 2011). To realistically simulate and predict stream
temperature based on environmental change, it is important
to consider these processes in stream temperature modelling
(Dugdale, Hannah, and Malcolm 2017).

Quantification of stream temperature at different temporal and
spatial scales to understand ecosystem behaviour is the goal of
many studies (Dugdale, Hannah, and Malcolm 2017; Garner
et al. 2014; Noa-yarasca et al. 2025). Stream temperature is
a parameter that is relatively easy to measure. The accuracy
and availability of observations are improving with a vari-
ety of different methods such as temperature logger networks
(Mohamed et al. 2021), remote sensing (Casas-Mulet et al. 2020;
Handcock et al. 2006) and distributed temperature sensing
(Briggs et al. 2012; Krause, Blume, and Cassidy 2012; Peters
et al. 2024). Modelling is important to predict consequences
of artificial or natural changes in the environment and to un-
derstand or identify fundamental linkages between river basin
characteristics and stream temperature (Du, Shrestha, and
Wang 2019; Dugdale, Hannah, and Malcolm 2017; Woltemade
and Hawkins 2016). There are many models that focus on stream
temperature alone (Beaufort et al. 2016; Loicq et al. 2018),
whereas it is widely neglected in catchment models. According

to Hannah and Garner (2015), especially the interconnections of
hydrology, climate and catchment characteristics create uncer-
tainties in future predictions.

Since models reflect complex environmental processes in a
simplified way, an in-depth, process-based understanding
of stream temperature variability is necessary to improve
modelling of temperature dynamics (Dugdale, Hannah, and
Malcolm 2017; Moore and MacDonald 2024). Statistical ap-
proaches include regression models, stochastic relations and
machine learning techniques to estimate stream tempera-
ture based on predictor variables such as air temperature
(Dugdale, Hannah, and Malcolm 2017; Feigl et al. 2021;
Wanders et al. 2019). Statistical models have the advantage of
faster runtimes and generally satisfactory outcomes. However,
they lack transferability to changed and unknown conditions
(Jackson et al. 2017). Process-based models are relatively data-
intensive but valuable to gain insights into drivers of change
(Dugdale, Hannah, and Malcolm 2017) and can be used to
investigate the impacts of changed boundary conditions
(Moore and MacDonald 2024). Many process-based stream
temperature models (T-NET: (Beaufort et al. 2016; Loicq
et al. 2018), heatsource (Boyd 1996), air2stream (Toffolon and
Piccolroaz 2015), CE-QUAL-W2 (Zhu, Du, and Luo 2019))
focus on modelling the heat balance in different degrees of
complexity and spatial scales depending on their purpose of
application (Dugdale, Hannah, and Malcolm 2017; Miller and
Young 2022). At small spatial scales, this can, for example,
be the identification of thermal refuges (Dzara, Neilson, and
Null 2019) and, at larger scales, the stream temperature re-
sponse to changes in riparian vegetation (Jackson et al. 2021;
Noa-Yarasca, Babbar-Sebens, and Jordan 2023) or stream tem-
perature estimations at a global scale (Wanders et al. 2019).

Depending on their purpose, stream temperature models
are coupled with hydraulic or hydrological models, or they
are incorporated in hydrological models in different degrees
of complexity: for example, heatsource (Boyd 1996) is a one-
dimensional, hydrodynamic and temperature model that
considers the heat and mass balance at a river scale and thus
needs a high amount of input data. Beaufort et al. (2016) de-
veloped a stream temperature model based on the equilibrium
approach (Edinger, Brady, and Geyer 1974) and coupled it with
modelled discharge and groundwater flows for simulating the
spatially distributed stream temperature variation along the
river network. Abdi, Endreny, and Nowak (2020) have used
the i-Tree cool river model (Abdi and Endreny 2019), a one-
dimensional mechanistic model and coupled it with the river
hydraulics model HEC-RAS (USACE 2024) to include velocity
and discharge data. Another approach is to directly incorporate
stream temperature model algorithms in hydrodynamics and
water quality models such as CE-QUAL-W2 (Smith, Threadgill,
and Larson 2012), which has been simplified by Zhu, Du, and
Luo (2019) needing fewer meteorological variables and no cal-
ibration. Integration of stream temperature algorithms into
the watershed scale ecohydrological model Soil and Water
Assessment Tool (SWAT) was conducted in several studies (Du
et al. 2018; Ficklin et al. 2012; Noa-Yarasca, Babbar-Sebens, and
Jordan 2023; Qietal. 2021) where the authors investigated the in-
fluence of main processes including runoff components mixing
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(Ficklin et al. 2012), equilibrium temperature (Du et al. 2018),
shading (Noa-Yarasca, Babbar-Sebens, and Jordan 2023) and
land management practices (Qi et al. 2021). The restructured
version SWAT+ (Bieger et al. 2017) does not include these im-
provements and is still based on the linear air-water tempera-
ture relationship developed by Stefan and Preud homme (1993).
However, there is a pressing need for enhancing process-based
stream temperature simulation within spatially distributed
catchment models (Moore and MacDonald 2024).

In this study, we aimed to implement and test the advances
originally proposed for SWAT by Ficklin et al. (2012) and subse-
quently modified by Du et al. (2018) and Noa-Yarasca, Babbar-
Sebens, and Jordan (2023) into the SWAT+ model. Our study
furthermore includes enhancements by (a) adding parameters
to the mass transfer process for greater flexibility in the first
component of the hydroclimatological model, (b) introducing
a channel shape parameter for the equilibrium temperature
approach and (c) incorporating a coefficient to link the modi-
fied dew point temperature (Edinger, Brady, and Geyer 1974)
with the internal SWAT+ dew point temperature. We aimed to
show how enhanced process representation can achieve better
stream temperature model performance and widen the appli-
cation range of SWAT+. Thereby, we use no additional model
input data and base all improvements on the model's internally
available parameters, keeping a balance between process rep-
resentation and applicability. We test these implementations in
a German mesoscale mid-range mountain catchment, where
stream temperature is influenced by several dampening pro-
cesses, such as snowmelt, surface runoff and groundwater
inflow (Guse et al. 2020). Thereby, we aimed to answer the fol-
lowing questions:

8.8 9.1
1 I

1. How does the improvement of process representations en-
hance stream temperature simulations?

2. How do modelled physical processes affect stream temper-
ature simulations?

2 | Materials and Methods
2.1 | Study Area, Data and Model Basis

The Kinzig catchment (1058 km?) in Central Germany is part of
the Rhine-Main-Observatory (RMO), a Long-Term Ecological
Research (LTER) site located in central Germany (Figure 1).
The Kinzig River is a tributary of the river Main. The land use
in the catchment is dominated by forest (42%), agriculture and
pasture (48%), and to a smaller extent by urban settlements (7%).

The Kinzig catchment is characterised by temperate central
European climate with an average air temperature of 10.3°C and
precipitation of about 822mm per year (2005-2023, calculated
based on processed gridded climate data from DWD, German
Weather Service). The dominant hydrological processes in the
catchment are snowmelt, groundwater, surface runoff, and inter-
flow (Guse et al. 2020). It represents a typical central European
landscape and the occurrence of several processes influencing
stream temperature, such as snowmelt, groundwater and ripar-
ian shading make the Kinzig catchment an interesting study area
to test the stream temperature model. Availability of observed
data in high spatial and temporal resolution is another advantage.
Daily observed stream temperature data were available for seven
gauging stations from 2011 to 2023 (HLNUG 2024). Observed

9.3 9.6
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FIGURE1 | Study sites in the Kinzig catchment and land use distribution (elevation map in Figure S1).
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stream temperature data were available at a 30-min resolution at
16 sampling sites for the years 2021-2023 (measured with HOBO
Pendant, MX2202) and was aggregated to mean daily values for
calibration and validation. The 16 sampling sites are located in
the upstream part of the Kinzig River and in the main tributar-
ies and were selected in the CRC RESIST project (Collaborative
Research Centre 1439 RESIST, Multilevel Response to Stressor
Increase and Decrease in Stream Ecosystems; www.sfb-resist.
de) to cover a gradient in hydromorphology and water quality
(Figure 1 and Table 1). Their names refer to an abbreviation of the
respective tributary. Table 1 shows the topographic, climatic and
subcatchment characteristics. All sampling sites experience snow
and cover an elevation range from 154 to 411 m. Sub-catchment
areas range from 21 to 929 km? and have different land use char-
acteristics (Figure 1).

The basis for our study is a hydrological model setup with
SWAT+ (Arnold et al. 1998; Bieger et al. 2017), version 60.5.4.

TABLE1 | Sampling site characteristics.

SWAT+ is an ecohydrological catchment-scale model and
includes water quality components, such as stream tempera-
ture, dissolved oxygen and nutrients. It is used for simulat-
ing streamflow responses to changes in land use and climate
(Ayalew et al. 2023; Mahmoodi et al. 2020). The setup for this
study is based on high-resolution input data including a 10-m
DEM (developed from (GDS 2024) and Hawker et al. (2022)),
land use and management based on Corine Land Cover 2018
and field-scale agricultural crop data (InVeKoS 2022), and soil
data based on BK50 (HLUG 1995; Maurer 2012). Daily pre-
cipitation and air temperature at a 1x1km resolution were
derived for each subbasin based on data from the German
Weather Service (DWD 2023). The final setup resulted in
51928 HRUs (Hydrologic Response Units, a unique combi-
nation of land use, slope and soil) and 308 channels. Due to
long model runtime, streamflow was calibrated manually and
simultaneously at eight gauges, resulting in a very good to sat-
isfactory model performance (Table S1).

Average
Stream Catchment elevation Average annual Average annual air
Name Tributary order size [km?] [m] precipitation [mm)] temperature [C]
Bad Soden Salz 2 89.4 380.5 960.0 9.6
Gelnhausen Kinzig 4 673.3 334.4 805.8 10.9
Hanau Kinzig 4 928.8 296.3 614.8 11.5
Kassel Bieber 3 79.7 326.8 837.4 10.6
Marborn Ulmbach 2 20.6 357.3 836.6 10.0
Steinau Kinzig 3 115.8 355.6 839.7 10.3
Steinau2 Steinebach 2 61.1 398.2 992.7 9.2
GRU1 Griindau 2 36.3 341.7 842.5 10.4
GRU2 Griindau 2 43.6 322.8 813.9 10.4
KIN1 Kinzig 2 29.0 395.8 839.3 9.7
KIN2 Kinzig 2 39.5 379.8 819.8 10.2
KIN3 Kinzig 3 71.5 384.4 789.8 10.5
KIN4 Kinzig 3 101.2 362.6 753.6 10.8
SAL1 Salz 2 70.0 411.4 930.6 9.6
SAL2 Salz 2 76.6 401.9 901.4 9.7
KRE1 Krebsbach 2 61.8 158.7 642.2 11.3
KRE2 Krebsbach 2 68.9 154.2 632.0 11.3
STE1 Steinebach 2 61.1 398.2 992.7 9.2
STE2 Steinebach 2 64.3 389.8 871.1 10.1
BRA2 Bracht 1 34.8 400.6 898.9 9.5
BIE1 Bieber 2 35.6 355.9 1047.3 9.3
BIE2 Bieber 2 39.8 348.8 996.4 9.6
ORB2 Orb 2 37.9 344.5 872.9 10.1
40f 15 Hydrological Processes, 2025
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2.2 | Stream Temperature Simulation in SWAT
2.2.1 | State of the Art

The current stream temperature simulation in SWAT+ is based
on alinear relationship between stream and air temperature with
time lags (Neitsch et al. 2011; Stefan and Preud homme 1993).
The parameterisation of dampening and delay is based on
daily and weekly observed data in 11 catchments in the central
Unites States (Louisiana, Texas, Minnesota). This parameteri-
sation is implemented in the current SWAT+ version 60.5.4 by
Equation (1):

T, =5+0.75T,, 1)

where T, is the stream temperature in (°C) and T, is the daily
air temperature. The linear equation does not consider hydro-
logical processes, such as snowmelt, groundwater inflow and
surface runoff. Depending on the catchment properties, these
can have significant effects on stream temperatures. We there-
fore adapted the approaches by Ficklin et al. (2012), who de-
veloped a new stream temperature model for SWAT by adding
three components: the temperature of water contributing to the
channel from the landscape, temperature of upstream water and
heat transfer during streamflow travel time. This approach was
enhanced by Du et al. (2018), who incorporated the equilibrium
temperature approach (Edinger, Brady, and Geyer 1974) for in-
cluding the heat transfer processes modified by solar radiation,
wind speed and water depth at the air-water interface. The equi-
librium approach was modified further by Noa-Yarasca, Babbar-
Sebens, and Jordan (2023), who included a reduction of incident
solar radiation by a shade factor.

2.2.2 | Application in SWAT+

We used the most enhanced version by Noa-Yarasca, Babbar-
Sebens, and Jordan (2023) and further improved the exist-
ing equations for implementation in SWAT+ revision 60.5.4.
Modifications of existing approaches are shown by Equations (3,
4, 7 and 10), while the other equations refer to previously pub-
lished equations. The first part of the new SWAT+ temperature
routines are based on the hydroclimatological model (Ficklin
et al. 2012) described by Equation (2):

T TLgyow + TLgy + TLgyp + TLyy,

w,local =

@

wald

We modified the original equation from the hydroclimatologi-
cal model and split the thermal load for each runoff component
(Figure 2) since an improvement of temperature simulations
was achieved by Qi et al. (2021), by considering runoff compo-
nents individually. Equation (2) describes the local stream tem-
perature Ty, ,.,; (°C) of a channel by weighting the thermal loads
TL, (°C * m3/d), where x represents the runoff component snow
(snow), groundwater (gw), surface runoff (surf) and lateral flow
(lat), over the water yield of the respective subbasin Q4 (m3/d).
The snowmelt temperature is restricted to a maximum value of
2.5°C. Each thermal load is composed by:

TLx = (coefx * Tx,lag) * Qx (3)

lag_days
T _ E jday=1 Tair (4)
xlag = lag_days

where Q, is the respective runoff component's contribution in
the subbasin in (m*/d), T, is the average air temperature T,
(°C) over a time period of lag,,,, which differs for each runoff
component and can be calibrated. The coef, (coefy,, COefsr/snow
coef},,) is an additional coefficient to calibrate the component's
temperature as implemented by Ficklin et al. (2012). The coef,
parameter as a calibration option is useful since each runoff
component’s temperature can be influenced by other parame-
ters than the lag alone, such as soil properties. A strong devia-
tion from 1 might show that additional processes are active in
the catchment, or that there are shortcomings in the hydrologi-
cal model calibration.

To consider the effects of inflowing water from upstream tribu-

taries, Equation (5) calculates the weighted average temperature
of all inflowing channels (cha):

T,

n
_ Z Tw,up,cha * Qcha + max<0'01’ Tw,local,cha) * wald
w,initial —
cha=1 Qcha + wald

®)
where T, ;i (°C) is the initial stream temperature for each
channel, derived by the upstream temperature of the tributary
Ty upcha (°C) and its corresponding discharge Q,, (m*/d), and
the local stream temperature from Equation (2) which must not
fall below 0.01°C.

We then incorporated the equilibrium temperature approach by
Du et al. (2018) with the modifications by Noa-Yarasca, Babbar-
Sebens, and Jordan (2023) for including the heat transfer pro-
cesses due to solar radiation, wind speed and water depth at
the air-water interface and the influence of riparian shading in
Equation (6):

Ke * (Te - Tw,initial)
Py * pr * Hﬂow

T,

w

= Tw,inital +

* TT 6)

where p,, is the density of the water in (kg/m?), C,,,, is the specific
heat capacity of water, Hy,, is the water depth in (m) and TT
is the routing time, which is the channel length divided by the
flow velocity. We implemented a shape parameter to calibrate
the water depth in a triangular channel geometry approach:

depe,
Ce

wid,,

H ow
. %)

where dep,;,, and wid,,, are the SWAT+ input parameters chan-
nel depth and width. ve is the flow velocity and ¢, represents the
shape calibration parameter where values >1 and <1 represent
channel bank slopes of <45° and > 45°, respectively. It was im-
plemented to include a calibration option for heat exchange pro-
cesses which depend on correct channel dimensions. Our field
investigations during low flow conditions (Peters et al. 2024)
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revealed that only fractions of the riverbed were wetted and the
wetted perimeter in SWAT+ was overestimated with the default
channel geometry under these conditions.

The equilibrium temperature T, and the coefficient K, are de-
fined by

. H, Hy—3055-448xT;
T,=T;+ X + K, ®)
K, =4.48 + 0.05% Ty jpigay + (f + 0.47) x f(W) 9

where T7 is the calibrated dew point temperature:
Ty=cg*Ty (10)

where T, is the dew point temperature from SWAT+. We mod-
ified this equation in contrast to Noa-Yarasca, Babbar-Sebens,
and Jordan (2023) to work with SWAT+ internal variables. To
keep the option of calibrating this process as intended by Noa-
Yarasca, Babbar-Sebens, and Jordan (2023), we implemented
the parameter c;. H,, is the longwave radiation in (W/m?d) com-
puted by the Stefan Boltzmann law. f(W), a function of the wind
speed, and the coefficient g are calculated as follows:

FW) =9.2 + 0.46 + wnd? an
p=0.35+0.015= (min (T;’ Tair) + TW,initial )
. . :
i 2 12)
+0.0012 * <m1n (T;’ Tai") + Ty inital )
. 2

where wnd is the wind speed taken from SWAT+ input data. H
is the shortwave radiation, reaching the water surface, which
is reduced by topography or riparian vegetation by the shade
factor:

H; =0.97+Hyg,, *(1 — SF) 13)

where Hy,, is the total solar radiation per day in (W/m?) and SF
is the shade factor.

The shade factor (SF) is a value between 0 (no shade) and 1 (full
shade) that is different for each day in a year and represents
an average value for each channel in the model. The calcula-
tion of the shade factor was conducted externally based on
date and time, solar radiation, solar angle, topographic angle,
stream coordinates, azimuth and width as well as height and
proximity of riparian vegetation (Python code by Noa-Yarasca,
Babbar-Sebens, and Jordan (2023)). For the shade factor calcu-
lation in the Kinzig catchment the topographic angle was deter-
mined within a radius of 10km for each channel and each solar
azimuth. The river geometry (channel length and width) was
taken from the SWAT+ delineation, and verified and adapted
with field data (Peters et al. 2024) since the channel width was
overestimated by the default delineation. To use data readily
available within the SWAT+ model, vegetation height data were
obtained by calculating the weighted average vegetation height
of all landuse types within a buffer of 30 m around each channel.

FIGURE 2 | Simplified depiction of processes considered for the

new model application in SWAT+: Mixing of tributaries (Tw_up_cha),
snowmelt (TL_snow), surface runoff (TL_surf), lateral flow (TL_lat),
groundwater flow (TL_gw); heat exchange at the air-water interface
(H_at and H_day); shortwave radiation reduced by riparian shading
(H_s).

Vegetation height was estimated based on the SWAT+ plant da-
tabase and common tree heights in central Europe (San-Miguel-
Ayanz et al. 2016) for the following landuse types: 6 m for urban
settlements, 2m for bushes, 1 m for agricultural fields, 0.5m for
pasture, 10m for deciduous forest and 20 m for evergreen forest.
The shade factor's seasonality on a daily time step is calculated
for a representative year. Further information is provided by
Noa-Yarasca, Babbar-Sebens, and Jordan (2023). The average
annual SF values for each channel can be found in Figure S1.

2.3 | Model Performance

To validate the process implementation, we conducted several
preliminary tests documented in the Data S1: We analysed the
separate effects of the three process-based improvements on
stream temperature (mixing, equilibrium temperature and shad-
ing approach) and found that the differences in performance
among the three approaches were not considerable (Table S2).
The most substantial improvement compared to the default lin-
ear model was achieved through the integration of runoff compo-
nents mixing. Additionally, we conducted analyses for evaluating
correct model functioning, such as validating the impact of shade
reduction. For this purpose, we evaluated the maximum summer
temperatures during June, July and August 2022 and compared
them with observed data (Figure S4). The degree of modelled
stream temperature reduction is in a realistic range. A spatially
high-resolution calculation of the shade factor based on SWAT+
input data was beneficial for both an additional model improve-
ment and process representation. We therefore continued using
the full improved model for calibration and further analyses.

For understanding the effects of the implemented algorithms
and to investigate the impact of input parameter variations on
model output, we employed a temporal sensitivity analysis. This
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provided additional insights into parameter dominance during
specific time periods. It confirmed that the process representa-
tion is physically reasonable, with stream temperature outputs
impacted by hydrological, radiative and shading changes (see
model parameter sensitivity documentation in the Data SI).

Model calibration was conducted for the 16 sampling sites for
twoyears and for the seven gauging stations for sixyears from
2017 to 2023. The validation period ranged from 2011 to 2017
for the seven gauging sites. Based on a preliminary Morris's
one-at-a-time (OAT) elementary effects screening method
(Morris 1991), we decided to calibrate the model with the six
most sensitive parameters (Table 3). We fixed the values for three
remaining parameters, the coefficient for groundwater and the
lag time for snow and groundwater to the values in Table 2. The
lag,,,, Was set to two days, since the Kinzig is a medium-sized
catchment, with moderate elevation and has a relatively low
importance of snowmelt processes (Guse et al. 2019; Lundquist
and Dettinger 2005). Groundwater delay can range from sev-
eral months to years across Germany (Hellwig et al. 2020),
which dampens its temperature amplitude. It can differ for
each catchment and for the Kinzig we chose a value of 300 for
lag,, since it has a relatively active groundwater exchange sys-
tem (LeSmann, Wiegand, and Scharpff 2001). The coefy,, was
kept at its default value of 1 since it had the lowest sensitivity
among all three coefficients. The model performance was not
affected by changing this parameter.

Six parameters were calibrated using 500 Latin-Hypercube
(LHS) parameterisations: The lag time and coefficients for sur-
face and lateral flow were calibrated (Table 3) using parameter
ranges based on those reported by Ficklin et al. (2012). We also

TABLE 2 | Fixed model parameter values for stream temperature
calibration in SWAT+.

Parameter Fixed value
Groundwater lag coefficient, coefy, [-] 1
Snow lag, lag,,,,, [days] 2
Groundwater lag, lag,,, [days] 300

TABLE 3 | Variable model parameters in SWAT+ and ranges for
calibration.

Minimum Maximum

Parameter value value
Surface and snow lag 0.6 0.9
coefficient, coefy,,, [-]

Lateral flow lag coefficient, 0.6 0.9
cofiqr [ -]

Surface flow lag, lag,,, [days] 2 7
Lateral flow lag, lag,,, [days] 5 15
Dew point temperature 0.01 1
parameter, ¢, [—]

Channel shape parameter, 0.05 2

cg [_]

calibrated the dew point temperature with parameter c; and
the channel shape with c¢,. As these two parameters were im-
plemented for the first time, no reference was available for rea-
sonable parameter ranges and thus the full range was used for
both. Based on the literature (Ficklin et al. 2012; Noa-Yarasca,
Babbar-Sebens, and Jordan 2023), we could reduce the initial pa-
rameter ranges for the remaining calibration parameters, there-
fore improving sampling density of the parameter space and
reducing the number of model runs.

To evaluate how the processes are represented in the improved
stream temperature model, the first step was to evaluate the
model performance. We used the KGE (Kling—Gupta Efficiency;
Gupta et al. 2009) and its three components, that is, alpha, beta
and r, as objective functions.

2.4 | Process Representation

Apart from evaluating the objective function at all sites and ex-
tensive preliminary model validation, we analysed the model
performance under various conditions to validate the improved
process representation. Therefore, we grouped the sampling
sites’ observed and simulated data according to stream order
for assessing spatial differences. We decided to conduct the
assessment by stream order category since it is a good indica-
tor for differences based on the drainage area (Horton 1945).
Among the groups, we calculated average observed and sim-
ulated stream temperatures. We analysed the year of 2022 as
it includes the full time series of observed data at all sampling
sites. During this timeframe, we visually compared the model
performance with the runoff component composition and the
two most important meteorological factors solar radiation and
air temperature, to assess whether hydrological or climatolog-
ical processes have more influence on the model simulation.

In the subsequent analysis, the observed and simulated time se-
ries at all sampling sites were grouped by season and by flow du-
ration curve segment. By assessing the model performance during
periods characterised by extreme conditions (e.g., high air tem-
peratures or low flow during summer) with a linear regression,
we could infer potential systematic errors. For this purpose, the
simulated stream temperature for the two-year calibration period
was correlated with observed data, averaged for all sampling sites.
Ideally, in a well-performing model simulation, the data points
should closely align with the identity line, indicating a perfect
match between simulated and observed data. The actual per-
formance deviated from the identity line if there was an over-or
underestimation (bias). With observed data on the x-axis, the re-
gression line would lie below the identity line during underesti-
mation and above for overestimation. A different slope of the line
indicated a skewed performance for different temperature ranges.

3 | Results
3.1 | Performance Evaluation
The Kling-Gupta-Efficiency (KGE) for the calibration pe-

riod (KGE_cal) varied across sites, ranging from 0.43 to 0.92
(Figures 5 and 6, Table S2). The improvement of the stream
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FIGURE 3 | Calibration and validation period at Bad Soden.

TABLE 4 | Final parameter values from the best calibration run.

Parameter Final value
coefg,s 0.87
coefy, 0.66
lagg, 4.75
lag, 11.09
(o 0.18
¢, 1.35

temperature model raised the KGE_default from 0.72 to 0.80
during calibration period (KGE_cal) averaged across all sam-
pling sites (Figure 6). The KGE_val was even higher for the
validation period (0.81). The NSE of the calibration period was
0.74 (Table S2). The improved stream temperature model during
calibration (KGE_cal) generally yielded very good results for
most sites. The temporal performance of the best model run was
evaluated visually in Figures 3 and 4 at the station Bad Soden for
the calibration and validation period. The default linear model
(grey) consistently overestimated the observed stream tempera-
ture (black, KGE_cal: 0.64), whereas the improved stream tem-
perature model (red, KGE_cal: 0.91) showed a stable and better
fit for both periods. The different final values of the coefficient
and lag parameters for surface and lateral flow in the best model
run (Table 4) indicate that splitting these components contrib-
utes to better performance. The value for the dew point tempera-
ture calibration parameter (c;, Equation (10), Table 4) lies in the
lower part of the range, while the value for the channel geometry
factor (c,, Equation (7), Table 4) lies in the upper part.

The five sites (ORB2, BRA2, KIN2, KIN3, KIN4) that did not
exhibit improved performance, are characterised by subcatch-
ment areas from 35 to 101 km? and elevations from 344 to 401 m.
Figure 5 shows the absolute average annual stream tempera-
ture values simulated by the improved model: In the upstream
sections of the catchment, stream temperatures are lower than
in the downstream sections, with a noticeable difference of ap-
proximately 4°C. However, there are no visible trends in KGE
improvement that suggest variations in model performance be-
tween upstream and downstream sites. Performance generally
fluctuates even within the same tributary, such as in Bieber and

Bad Soden - Year 2022

Stream temperature [°C]

o

Jan 2022 Apr 2022 Jul 2022 Okt 2022 Jan 2023
Date
default model — new model — observed

FIGURE4 | Year 2022 at Bad Soden.

Salz, where two-year stations showed less improvement com-
pared to long-term monitoring sites.

3.2 | Influence of Physical Processes on Stream
Temperature Simulations

Grouping and averaging the simulated and observed stream
temperature data by stream order revealed distinct performance
patterns (Figure 7). However, it is important to note that the
number of sites with observed data within each stream order
group varied significantly. Stream order 1 was represented by
only a single site (BRA2), while stream order 2 included 16
sites, stream order 3 encompassed four sites, and stream order 4
comprised two sites. While the model tended to underestimate
stream temperature in stream order 1 (BRA2) with improved
performance during late summer, it displayed a different pat-
tern in stream order 2 and 3. As shown in the difference plot-
where absolute values above 0 indicate overestimation and
below 0 indicate underestimation-the model demonstrated an
improvement in performance during summer for stream order
2.1In stream order 3, the best model performance occurred in the
transitional seasons, spring and autumn, whereas it was overes-
timated during summer. Conversely, stream order 4 showed the
opposite behaviour. Overestimation is more pronounced during
winter, while summertime performance is generally good but
variable. Comparing the deviation plot with the proportion of
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FIGURE 6 | KGE values of the default model and during calibration and validation for each site.

runoff components revealed that a high model performance
coincided with a high proportion of groundwater. In contrast,
solar radiation and air temperature data showed minimal varia-
tion among stream orders. Both observed and modelled stream
temperatures followed the air temperature trend. Notably, solar
radiation input data are derived from a single station, while
air temperature data are sourced from high-resolution gridded
datasets. Therefore, the stream order and site-specific differ-
ences underscore the significant influence of runoff components
on the stream temperature model performance.

Scatterplots of simulated and observed data showed a generally
good fit across the seasons and flow duration curve segments
in Figure 8 with R? values ranging from 0.48 in winter to 0.92
in spring and from 0.79 during very high flows to 0.95 during
low flows. The strongest variability was revealed during winter,
where the improved model tended to underestimate tempera-
tures above 3°C. The model fit best in spring and autumn, but
also performed well in summer with a slightly higher variation.
Unlike the variability observed across seasons, the separation
according to the flow duration curve exhibited a more consistent

pattern. The highest model performance was observed during
periods of very low, low and moderate flows, where most data
points aligned well with the model's predictions. During very
high flows, a similar pattern as in winter could be seen.

4 | Discussion

The improvement of the SWAT+ stream temperature module
achieved very good results and succeeded in representing the
key physical processes affecting stream temperature dynam-
ics. Considering hydrological processes for stream temperature
modelling was also found to significantly improve predictions
by Van Vliet et al. (2011) in a global study and by Beaufort
et al. (2016), who identified discharge as one of the most im-
portant controlling factors. Our study aligns with the find-
ings by several authors who applied the improvements for the
SWAT model. Noa-Yarasca, Babbar-Sebens, and Jordan (2023)
achieved a strong improvement from the linear model to the
hydroclimatological model in SWAT, which was slightly re-
duced after the implementation of equilibrium temperature
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FIGURE 7 | Model performance, runoff component dynamics and climate data, averaged across all sampling sites within each stream order in

2022.

and shade processes. In our case, the implementation of all
improvements led to even better performance, which could
be caused by our enhancements of the existing approaches
with the dew point temperature factor and the channel shape
factor. Similar results were achieved by Du et al. (2018) and
Ficklin et al. (2012) who calibrated across multiple sites.

While Noa-Yarasca, Babbar-Sebens, and Jordan (2023) cali-
brated the model at two stations within one catchment, Ficklin
et al. (2012) used one station per catchment across several wa-
tersheds and climatic zones. To the best of our knowledge, our
study stands out with a high density of observed data in a con-
tinuous time series to calibrate a stream temperature model
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FIGURE 8 |
during seasons and flow segments.

for SWAT+ and achieve comparable results. We could observe
differences in performance improvement along different mea-
surement stations along one tributary (Salz and Bieber), where
the state agency stations were subject to a stronger increase in
model performance.

Wade, Kelleher, and Hannah (2023) found with their random
forest models that there is no universal control for stream tem-
perature dynamics, but it needs an understanding of basin
scale processes for accurate stream temperature predictions.
Therefore, process-based models play an important role as
they can capture complex physical interactions (Wanders
et al. 2019). Our study not only showed that the implementation
of hydrological processes improved model performance but
also highlighted spatially different behaviour due to changed
proportions of runoff components. A strong dominance of
groundwater in the higher stream orders increased the systems’
stability and predictability. In lower stream orders in the upper
section of the catchment, process interactions become more
complex with higher proportions of surface flow and snowmelt
and thus more challenging to model (Guse et al. 2019). This
model behaviour was also observed by Beaufort et al. (2016),
who found the most stable predictions in larger rivers. When
grouping the results according to stream orders, it has to be
noted, however, that only one observation site was classified as
stream order 1 and generally observations are rarely conducted
in headwater streams, which is a point that could be addressed
in future studies about spatially distributed stream temperature
dynamics. Our analysis showed the strengths and limitations of
the SWAT+ model for being used in spatially distributed stud-
ies. The SWAT model has been used in several studies to inves-
tigate the sensitivity of stream temperature towards changes in
hydrological runoff components by implementing scenarios of
streamflow or groundwater reductions as expected due to cli-
mate change (Du et al. 2018; Ficklin et al. 2012). As our results
demonstrate a functioning implementation of runoff compo-
nents, the SWAT+ model is equally well-suited for conducting
similar studies in the future.
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Scatterplots of simulated and observed stream temperature for the two-year calibration period averaged over all sampling sites

Especially the strength of predicting stream temperatures ac-
curately in summer and during low and very low flow periods
indicates high model suitability for ecological applications, as
high stream temperatures are detrimental for survival of aquatic
organisms and overall ecosystem health (Bayat et al. 2024;
Brander 2007). Higher variability in model performance during
winter again confirms that complex process interactions, such
as the timing of surface and lateral flow, decrease the predic-
tive ability, as they occur more frequently in winter. The slight
overestimation of high temperatures in summer could be
caused by the negligence of small-scale processes such as hypor-
heic exchange flows (Moore and MacDonald 2024; Rutherford
et al. 1997), which have also been observed in the Kinzig
catchment (Peters et al. 2024). The best performance in spring
and autumn is also observable in the T-NET model (Beaufort
et al. 2016). Ficklin et al. (2012) implemented seasonally sep-
arated calibration factors in SWAT to overcome the seasonal
shift in stream temperature dynamics. As there is no strong
bias in the model, this separation of calibration parameters is
not required for SWAT+. We acknowledge that our model still
represents a simplification of the numerous processes affecting
stream temperature and depending on the application focus,
additional improvements related to anthropogenic activities in
the catchment could be considered: Qi et al. (2021) explored the
thermal impacts of land management practices on stream tem-
perature, and Wade, Kelleher, and Hannah (2023) found that the
existence of major dams has a strong impact on stream thermal
processes. Ficklin et al. (2023) underlined the general impor-
tance of understanding anthropogenic stressor effects such as
morphological changes and urban and industrial effluents as
they are present in many study catchments.

5 | Conclusion
In agreement with previous studies, our work emphasises that

stream temperature simulations can be significantly improved
by considering the mixing of runoff components as opposed to
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using a linear model based on air temperature alone. The in-
tegration of the key runoff components mixing, equilibrium
temperature and shade factor approaches required no additional
model input data. However, it is an option to use high-resolution
riparian shading data in future scenario studies.

A key insight from comparing the model performance with
runoff components grouped by stream order underscored the
necessity of robust hydrological calibration and understanding
of complex process interactions as a basis for accurate stream
temperature modelling. Hence, not one runoff component is de-
cisive for the model performance but a realistic representation
of their contributions. Particularly in catchments with complex
hydrological process interactions, using a process-based model
as presented in this work is beneficial. The model performance
varied across sites with different catchment characteristics and
generally agreed with findings from other stream temperature
studies. Analysing the model results according to season and
flow duration curve segments was effective for detecting model
limitations during specific climatic and hydrological conditions
and highlighted that there is no obvious bias caused by meteoro-
logical and hydrological variables.

Beyond enhancing stream temperature estimations, the model
enables the simulation of scenarios with changed conditions,
such as modified hydrological flow contributions, reduced
groundwater flow or shading scenarios for evaluating stream
restoration measures. For an ecological model application, espe-
cially concerning species tolerances, the model's functionality
at handling high temperatures and low flow scenarios high-
lights its applicability for species distribution modelling and
related ecological applications. Our improvements in stream
temperature estimations are anticipated to positively influence
assessments of other water quality parameters, such as nutrient
cycling and dissolved oxygen, and facilitate evaluations of in-
direct stressor effects, such as the effects of global warming on
stream temperature and other water quality parameters.

While keeping a balance between accurate process integration
and model simplification, we achieve reliable results without
the need for additional input data and catchment knowledge,
keeping the temperature routines of SWAT+ applicable in a
wide range of catchments. For specific model studies, further
development of stream temperature models can be beneficial,
and we propose considering soil and groundwater temperature
processes, anthropogenic landscape alterations, including land
cover, land use and land management, as well as point sources of
human-influenced stream temperature such as reservoirs, water
treatment plants and industrial discharges. However, our results
already show that integrating a more process-based approach to
simulate stream temperature is valuable in an ecohydrological
model and opens up a wide range of application possibilities.
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