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e High spatial variability in modeled K
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fluxes.
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ARTICLE INFO ABSTRACT
Editor: Sergi Sabater Global fluvial ecosystems are important sources of greenhouse gases (CO,, CHy4, and N3O) to the atmosphere, but
their estimates are plagued by uncertainties due to unaccounted spatio-temporal variabilities in the fluxes. In this

Keywords: study, we tested the potential of modeling these variabilities using several machine learning models (ML) and

Carbon dioxide three different input datasets (remotely sensed vegetation indices, in-situ water quality, and a combination of

xfimane d both) from 20 headwater catchments in Germany that differ in catchment land use and stream size. We also
g tlr;;):sox} ¢ upscaled fluvial GHG fluxes for Germany using the best ML model and explored the role of catchment land use on

Vegetation indices the GHG spatial-temporal trends. Model performance depended on the choice of ML model, input data and GHG
Remote sensing type. Complex decision-tree-based models better predicted GHG concentrations and fluxes than other ML model
types (r? = 0.33 to 0.72). Our upscaled fluxes from catchment scale remotely sensed vegetation indices showed
that total annual riverine CO, equivalent fluxes from 2934 catchments in Germany ranged from 1.7 to 96.4 kg
m~2 yr~! (mean + SE: 23.2 + 0.001). The highest fluxes came from urban and intensively cropped catchments,
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while lower fluxes came from extensively cropped, forestry, and pasture-dominated catchments. Our study
demonstrates that spatially and temporally resolved catchment vegetation indices from remotely sensed data in
conjunction with machine learning models can be applied to upscale all three GHG concentrations and fluxes
from diverse catchments, revealing important spatio-temporal trends associated with catchment land use.

1. Introduction

Streams and rivers are important sources of greenhouse gases (GHGs:
CO,, CHy4, and N3O) to the atmosphere, contributing approximately 10
%, or 5.3 Pg COg-eq. yr !, of the global annual CO,-equivalent fluxes
from all sectors, including land use changes, energy, and industry (Jones
et al., 2023; Lauerwald et al., 2023). Of these fluxes, headwater streams
are considered to be hotspots compared to large rivers, accounting for
over 70 % of total riverine fluxes (Li et al., 2021). However, despite their
significant contributions to global GHG fluxes, the wide range (~5 Pg
CO3z-eq. yr‘l) in riverine GHG flux estimates indicates significant un-
certainties. These uncertainties are mostly related to the lack of globally
distributed field-based measurements, short temporal coverage, and
upscaling uncertainties when point measurements are upscaled to basin-
wide or even global scales (e.g., Lauerwald et al., 2023).

Most empirical datasets of riverine GHG concentrations and fluxes
have been developed using synoptic sampling approaches (e.g., Aho and
Raymond, 2019; Mwanake et al., 2019, 2023a). While recent advances
in high-precision GHG sensors can help to increase the temporal
coverage of riverine GHG concentrations to sub-daily scales (e.g., Piatka
et al., 2024), sensors that cover all three GHGs remain expensive, which
limits the spatial coverage of such measurements (Dalvai Ragnoli and
Singer, 2024). Moreover, although efforts have been made to develop
cheaper sensors (Bastviken et al., 2015, 2020; Leith et al., 2015), these
sensors are mostly limited to CO, and CH4 and additionally require
technical expertise to set up and operate (e.g., Dalvai Ragnoli and
Singer, 2024).

Statistical modeling approaches driven by various environmental
drivers of fluvial GHG concentrations and fluxes have shown promise in
overcoming the spatio-temporal limitations of direct field measurements
(Panique-Casso et al., 2024). These environmental drivers include in situ
water quality parameters such as organic matter (OM), nutrients, elec-
tron acceptors, and temperature, which are known to influence in situ
GHG production and consumption processes either as substrates or
catalysts (Quick et al., 2019; Raymond et al., 2013; Stanley et al., 2016),
and broader-scale factors such as stream size, catchment land use, soil
conditions, topography, and discharge, which are known to determine
the magnitude of the in situ water quality parameters, gas exchange
rates with the atmosphere, and the external sources of the GHGs
(Hotchkiss et al., 2015; Mwanake et al., 2022; Rocher-Ros et al., 2023).
Despite the promise of such modeling approaches, the spatio-temporal
coverage of similar modeling efforts have been hampered by the
sensor and human capital costs associated with the continuous quanti-
fication of discharge and water quality parameters. This calls for alter-
native, cost-effective, and efficient ways to spatially and temporally
upscale fluvial GHG concentrations and fluxes with limited inputs from
field measurements (Panique-Casso et al., 2024).

Recent advances in readily available remotely sensed datasets and
machine learning technologies may provide an alternative way to model
riverine GHG concentrations and fluxes in space and time using the
available field-based datasets. Remotely sensed datasets derived from
satellite images provide rich spatial and temporal data that can reflect
catchment characteristics, potentially acting as predictors for riverine
GHG concentrations (e.g., Liu et al., 2022; Martinsen et al., 2020;
Rocher-Ros et al., 2023; Xiong et al., 2024). For example, vegetation
indices describing vegetation quantity and its water content derived
from sentinel 2 satellite images have recently been shown to predict the
spatio-temporal trends in soil GHG fluxes (Wangari et al., 2023), which
may also reflect riverine GHG fluxes through soil to river hydrological

transfer of nutrients, OM and dissolved GHG concentrations (e.g.,
Mwanake et al., 2023a, 2023b). When combined with machine learning
(ML) algorithms, which are computationally less demanding and require
less parameterization compared to traditional process-based models
(Panique-Casso et al., 2024), these datasets can effectively model the
spatiotemporal trends in fluvial GHG concentrations and fluxes.

Although such an approach has been applied to quantify GHG con-
centrations or fluxes in several aquatic ecosystems, these studies so far
have primarily focused on lentic ecosystems such as lakes and oceans (e.
g., Bai et al., 2015; Olsen et al., 2004; Parard et al., 2015; Qi et al., 2023;
Valerio et al., 2021). However, only a handful of studies have been
conducted in lotic ecosystems, and these have mainly focused on global-
scale trends and drivers (Liu et al., 2022; Marzadri et al., 2021; Rocher-
Ros et al., 2023), potentially overlooking local-scale dynamics. Such
local scale heterogeneities may be related to differences in upstream
land use, topography, and hydro-climatic conditions. For example,
excess nutrient and labile OM supplies in urban and agricultural-
dominated catchments may result in elevated riverine GHG concentra-
tions due to favored instream GHG production or external dissolved
GHG sources (e.g., Begum et al., 2021; Borges et al., 2018; Upadhyay
et al., 2023). On the other hand, hydrological and topographical con-
ditions may influence gas exchange rates between the water column and
the atmosphere (e.g., Raymond et al., 2012).

This study aimed to determine the potential of machine learning
approaches to upscale CO3, N3O, and CH4 concentrations and fluxes
from diverse catchments in Germany, covering a catchment land use
gradient from extensive natural forests to intensive agricultural and
urban areas. Input datasets for the model calibration and validation
included temporally resolved remotely sensed vegetation indices, in situ
water quality data, and a combination of both datasets from 20 head-
water catchments in Germany covering land use, stream size, topo-
graphic, and climatic gradients. Our specific objectives were to a)
determine the potential of vegetation indices derived from remotely
sensed Sentinel-2 data in modeling riverine GHG concentrations and
fluxes, b) compare the predictive performance of the remotely sensed
data with models built with water quality parameters and a combination
of both, and to c) upscale GHG concentrations and fluxes for all of
Germany and assess the role of land use in explaining the spatio-
temporal trends. By potentially describing nutrient and OM matter
conditions within catchments, we hypothesized that remotely sensed
data would be able to model riverine GHG concentrations and fluxes,
allowing upscaling of GHG contributions from multiple streams with
limited input field data. We also hypothesized that heterogeneities in the
upscaled riverine GHG fluxes would relate to catchment land use in-
tensities. For instance, higher values will be recorded for catchments
dominated by intensive agriculture and urban areas due to additional
nutrient and labile OM supplies than for catchments covered by natural
ecosystems.

2. Materials and methods
2.1. Site-scale data acquisition

For this study, we used a previously published dataset from 20
stream sites in three catchments in Germany, i.e., the Loisach,
Schwingbach, and Neckar rivers, collected between 2020 and 2022 at
biweekly-triweekly intervals during the day (Table 1; Fig. A1; Mwanake,
2023). The catchments were diverse in terms of their coverage of
different land uses (forests, croplands, urban areas, grasslands, and
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wetlands), stream sizes (stream orders 1-6; Strahler classification), and
locations, i.e., from the south to the central part of Germany, with
different weather patterns and topographical conditions (Table 1;
Fig. A1). The dataset also included key water quality variables such as
dissolved oxygen (DO), water temperature, electrical conductivity, dis-
solved organic carbon (DOC), nitrate (NO3-N), and ammonium (NHy4-N),
as well as GHG (CO3, CH4, and N,O) concentrations and fluxes (units of
mass m 2 of stream surface day1). Uniform quantitative sampling and
analytical methodologies were applied at all 20 catchments. In brief,
water temperature (°C), electrical conductivity (uS cm’l), and dissolved
oxygen (DO) (mg L) were quantified in situ using the Pro DSS mul-
tiprobe (YSI Inc., USA). Water samples for nutrient and dissolved
organic carbon (DOC) analyses were collected and filtered on-site
through polyethersulfone (PES) filters (0.45 pm pore size, pre-leached
with 60 ml of miliq water). In the laboratory, these samples were
directly analyzed for NO3-N and NH4-N concentrations using colori-
metric methods, and the absorbance of the samples was measured using
a microplate spectrophotometer (Model: Epoch, BioTek Inc., USA). The
DOC concentrations were measured as non-purgeable organic carbon
(NPOC) using a TOC/TN analyzer (Analytica-Jena; multi N/C 3100,
Germany).

GHG concentrations in the stream water were sampled in situ using
the headspace equilibration technique and analyzed on a gas chro-
matograph (SRI 8610C, Germany). The final dissolved GHG concentra-
tions in the water were then calculated based on Henry’s solubility
constants. Daily diffusive fluxes (F) (mass m~2 d’l) of the GHGs were
estimated using Fick’s Law of gas diffusion, where the F is the product of
the gas exchange velocity (k) (m d’l) and the difference between the
stream water (Cqq) (mass m~2) and the ambient atmospheric gas con-
centration in water assuming equilibrium with the atmosphere (Csq)
(mass m™~%) (Eq. (1)). The temperature-specific gas transfer velocities (k)
for each of the gases were calculated from normalized gas transfer ve-
locities (kgog) (m d’l) modeled from measured stream velocity (m s’l)
and slope (m m™!) values using eq. 4 from Raymond et al., 2012. A
detailed description of the study areas, analytical methods, and GHG
flux calculations can be found in the respective publication (Mwanake
et al., 2023a).

F=k (Caq - sat) )

Table 1
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2.2. Remotely sensed vegetation data acquisition

Upstream catchments for each of the 20 sites were delineated in
QGIS (Quantum Geographic Information System) using a 30 m spatial
resolution Digital Elevation Model (DEM) (EU-DEM vl1.1). Subse-
quently, vegetation characteristics for each catchment and close to each
sampling date (+10 days) were derived from 6 spectral bands (red, blue,
green, near-infrared, shortwave 1 and 2) of Sentinel 2 raster images with
low cloud cover (<5 %) and a 10 m spatial resolution. These Sentinel 2
raster images were automatically acquired using the “Openeo” package
(R version 4.3.2.) from the European Space Agency (ESA) Copernicus
Data Space Ecosystem (https://openeo.dataspace.copernicus.eu/op
eneo/1.2; last accessed: April 4, 2024) and combined to form a raster
brick. In cases where more than one raster brick image with all six bands
meeting the cloud cover threshold was available for individual catch-
ments for each sampling date, the median of these images was calculated
and used to represent the conditions of those catchments. Vegetation
cover was estimated from the final Sentinel 2 raster brick images of all
20 sites and sampling dates using the simple ratio index (SR), normal-
ized difference vegetation index (NDVI), and green normalized differ-
ence vegetation index (GNDVI), calculated from the near-infrared (NIR),
red, and green bands (Bannari et al., 1995; Gitelson and Merzlyak, 1998;
Egs. (2), (3), and (4)). Vegetation water content was also estimated using
the normalized difference moisture index (NDMI), normalized differ-
ence infrared Index (NDII), moisture stress index (MSI), and normalized
difference water index (NDWI), calculated from the near-infrared (NIR)
and shortwave infrared (SWIR1, 2) bands (Wangari et al., 2023; Gao,
1996; Egs. (5), (6), (7), and (8)). Catchment means were calculated to
convert the gridded vegetation indices into numerical values aggregated
for each site and sampling time.

R— % @
GNDVI = % (3)
NDVI = % “@
o 0 S

Description of sampling sites located in the Schwingbach, Loisach, and Neckar catchments (Fig. A1). The land use (%) was calculated for the site-specific upstream

catchments based on the Corine Land Cover 2018 survey of Europe.

Main Stream Catchment Coordinates Elevation at Sub-catchment Landuse/landcover (%) Main sub-catchment
2 R .

catchment order area (km®) Latitude  Longitude sampling point Forest ~ Wetland  Grassland  Cropland  Urban landuse class

Loisach 1 0.04 47.5694  11.1554 651 40 60 0 0 0 Wetland

Loisach 2 0.10 47.5689  11.1556 645 22 78 0 0 0 Wetland

Loisach 1 0.11 47.544 11.1193 660 0 0 100 0 0 Grassland

Loisach 1 0.13 47.5399 11.1105 663 19 0 81 0 0 Grassland

Loisach 1 0.40 47.467 11.0537 750 86 0 14 0 0 Forest

Loisach 2 0.75 47.4691  11.0394 756 99 0 0 0 1 Forest

Loisach 2 1.02 47.5858 11.1429 719 100 0 0 0 0 Forest

Schwingbach 1 0.41 50.5051 8.6127 297 96 0 0 4 0 Forest

Schwingbach 1 0.60 50.4695 8.6179 187 0 0 0 100 0 Cropland

Schwingbach 2 0.62 50.4811 8.5407 241 98 0 2 0 0 Forest

Schwingbach 1 0.67 50.4756 8.5472 334 86 0 0 14 0 Forest

Schwingbach 2 2.20 50.4922 8.5971 260 47 0 0 53 0 Cropland

Schwingbach 2 2.20 50.5032 8.5553 272 65 0 0 35 0 Forest

Schwingbach 1 3.55 50.4669 8.5792 207 14 0 0 84 2 Cropland

Schwingbach 3 23.37 50.505 8.6148 183 37 0 6 48 9 Cropland+Urban

Schwingbach 3 53.45 50.5166 8.5992 189 44 0 4 45 7 Cropland+Urban

Neckar 5 116.23 48.5588 9.0591 367 97 0 0 3 0 Forest

Neckar 5 261.57 48.5649 8.8986 379 11 0 1 84 4 Cropland+Urban

Neckar 6 304.41 48.5271 8.9615 348 14 0 2 77 8 Cropland+Urban

Neckar 6 513.32 48.4796 9.0634 348 74 0 10 11 4 Forest+Urban
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2.3. Modeling of riverine GHG concentrations and fluxes

A total of nine machine-learning algorithms were tested for modeling
riverine GHG concentrations and fluxes using three datasets: remotely
sensed vegetation indices (RS), in-situ water-quality data (WQ), and a
combination of both (WQRS) (see Table 2; Fig. 1). These algorithms
included a variety of model structures, including decision trees (rf, gbm,
xgbLinear, and xgbTree), support vectors (svmRadial), simple neural
networks (nnet), k-means clustering (knn), elastic net multiple regres-
sion models (glmnet), and a combination of principal component anal-
ysis and multiple regression (pls).

For the prediction of riverine GHG concentrations and fluxes, we
used the “CARET” (Classification And REgression Training) package in
R. During model construction, the input datasets were divided into
training (80 %) and test (20 %) sets by randomly sampling the entire
dataset without regard to specific sites or sampling dates (Fig. 1). In
addition to this hold-out approach for model validation, we imple-
mented a 5-fold cross-validation scheme on the training dataset using
the “trainControl” function to internally validate our models and miti-
gate overfitting (Berrar et al., 2019). Using the “set. seed” function, we
specified a value (142) to ensure the reproducibility of the model results
across multiple runs. For decision tree-based models, we automatically
tuned the most critical hyperparameter (mtry), which represents the
number of variables in each prediction tree node within the CARET
package. This tuning process involved analyzing the sensitivity of the
mtry value to changes in the mean absolute error (MAE) over five iter-
ations and selecting the mtry value that yielded the lowest MAE. To
explore whether the models’ predictions could be improved for high
values of GHG concentrations and fluxes, we applied a natural log
transformation to the GHG concentrations and fluxes, which were not
normally distributed and skewed towards relatively low values.

2.4. Assessment of model performance

We compared the performance of nine machine learning models by
assessing the Mean Absolute Error (MAE) and the coefficient of deter-
mination (rz) (Fig. 1). The MAE was chosen over the RMSE because it is
easier to interpret (represents the average absolute differences between
observed and predicted values), is less sensitive to outliers, and better

Table 2
Summary of the nine machine learning models tested for predicting GHG con-
centrations and fluxes. The models’ abbreviations are included in the brackets.

Machine learning model Model structure

Random Forest (rf) Decision trees

Gradient Boosting Machine (gbm)

Support Vector Machine with Radial Basis
Function Kernel (svmRadial)

Generalized Linear Model with Elastic Net
Regularization (glmnet)

Feedforward Neural Network (nnet)

eXtreme Gradient Boosting with Linear
Booster (xgbLinear)

eXtreme Gradient Boosting with Tree Booster
(xgbTree)

k-Nearest Neighbors (knn)

Partial Least Squares Regression (pls)

Decision trees
Support vector

Elastic-net multiple regression
models

Neural-network

Decision trees

Decision trees
k-means clustering

Priciple componet analysis and
multiple regression models

Science of the Total Environment 958 (2025) 177984

represents data sets that are not normally distributed (Willmott and
Matsuura, 2005). The best models for each predictor dataset (RS, WQ,
WOQRS) were selected based on those with the lowest MAE and the
highest r%. Next, the predictor variables in the best models were ranked
according to their importance using the “varImp” function in “CARET”.
The top three predictors for each model that accounted for >60 % of the
variance were selected for display in the summary table. To further
evaluate the performance of the best models, we performed a regression
analysis of predicted versus observed GHG concentrations and fluxes
using the test dataset (20 %) that was not used in model building (Fig. 1).

2.5. Upscaling of annual (2020) riverine GHG concentrations and fluxes
for Germany

To explore the applicability of ML models with remotely sensed data
to spatially upscale riverine GHG concentrations and fluxes from mul-
tiple catchments with contrasting hydrological and landscape charac-
teristics, we used all of Germany as the boundary condition for our
modeling experiment (Fig. 1). The rationale for this upscaling experi-
ment was guided by the fact that our training data also covered different
parts of Germany (south to central) and was characterized by small to
mid-size streams with contrasting upstream land uses and elevations,
representing diverse streams and rivers for the upscaling exercise. First,
we obtained catchment boundaries for Germany from the global
hydrobasin dataset (Level 12; retrieved July 1, 2024: https://www.hy
drosheds.org/products/hydrobasins). This dataset consisted of 2934
nested catchments with upstream sub-basin areas ranging from 0.1 to
489 km? representing stream orders 0 to 6, similar to our training
dataset (Table 1; Fig. A1). Second, we obtained cloudless annual (2020)
median Sentinel-2 raster images for Germany from the European Space
Agency online database, which served as the input remotely sensed data
for our ML models (retrieved July 1, 2024: https://viewer.esa-worldco
ver.org/worldcover/). The raster images consisted of two raster bricks
representing four raster bands in the red, blue, green, and near-infrared
regions of the spectrum with 10 m spatial resolutions and three raster
bands in the short-wave infrared region of the spectrum with 20 m
spatial resolutions.

Several preprocessing steps were performed on the raw Sentinel-2
raster images in R before modeling. First, the two raster images were
statistically downscaled (bilinear) from their original resolutions to a
resolution of 1 km by 1 km, which is close to the smallest upstream area
in the resulting catchment dataset and also helps to reduce the compu-
tational time for the modeling (function “rast” in the “terra” package in
R). Second, seven vegetation indices similar to those in the training
dataset (NDVI, GNDVI, SR, NDMI, MSI, NDII, NDWI) were computed
from the two rasters, and the final product containing all 7 indices was
combined into one raster brick (“rast” function in the “terra” package in
R). Finally, catchment mean values for each of the seven vegetation
indices were computed and combined into a new raster brick to form the
primary input dataset for the model.

After these preprocessing steps, the annual median riverine COo,
CH4, and N0 concentrations and diffusive fluxes (m 2 of stream surface
area) for each catchment were then predicted based on the best model
described in the previous subsection and the input vegetation index grid,
using the “predict” function in the CARET package in R (Fig. 1). Since
these modeled concentrations and fluxes at the catchment scale repre-
sented annual median values due to the temporal coverage of the input
Sentinel-2 raster imagery, the fluxes were finally upscaled to the annual
scale by multiplying by 365 days of the year, assuming that the median
value also accounted for the seasonality in each of the catchments. An
additional validation step apart from the 20 % test data was then per-
formed on the final model results (Fig. 1). This was done by comparing
the available GHG concentrations and fluxes measured from previous
studies in Germany from the GRiMeDB database (Fig. Al; Table AS5;
Stanley et al., 2023) and the final predicted median values from the
German riverine GHG flux map for 2020 (Fig. 1).
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Monthly input catchment-scale data :

Response variables: GHG concentrations and fluxes
Predictor variables: Remotely sensed (RS) vegetation indices (SR, NDVI, GNDVI, NDMI, NDII, MSI, NDWI)

Field-measured water quality parameters (WQ)
Vegetation indices and water quality (WQRS)
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concentration and fluxes for 2934 sub-catchments in Germany

measured data

Fig. 1. Workflow summary of the modeling process from calibration and validation with three different input datasets (model construction phase) to the final
upscaling of the catchment scale GHG concentrations and fluxes for the entire Germany (model application phase).

We also calculated the aerially resolved riverine GHG fluxes for
Germany by summing up the annual fluxes for the individual catch-
ments. These areal fluxes were calculated by multiplying the catchment
scale annual median diffusive GHG fluxes (units of mass m 2 yr’l) and
the river surface areas (m?). Catchment-specific river surface areas were
computed by multiplying the stream length and the bankfull-widths
modeled from long-term discharge using a power-law relationship
(See eq. 10 of Xu et al., 2020). Both the stream lengths and the long-term
discharge for each catchment were derived from the HydroRIVERS
database (retrieved on 11/11/2024; https://www.hydrosheds.org/p
roducts/hydrorivers). The total riverine GHG fluxes for catchments in
Germany were also computed as COy-equivalent fluxes using the 100-
year global warming potentials, i.e., 28 for CH4 and 273 for N5O.

2.6. Effect of land use intensity on modeled GHG concentrations and
fluxes

To determine how land use intensity affects the spatio-temporal
heterogeneities of riverine GHG concentrations and fluxes, we used a
detailed land use map for Germany that differentiates land uses and also
examines the intensity of management within them, e.g., intensively
managed croplands vs. extensively managed croplands (Table A2;
Table A3). The map is a harmonized product generated from multiple
remotely sensed land cover data at the German and European scales
(Table A2). To create this synthesis map, the fractional coverage of the
land use classes from each input product was first resampled and
reprojected onto a standard 1 km spatial resolution. A rule-based clas-
sification was applied for each target land use class (see detailed land use
classes in Table A3). The average land use fraction from the input data
was used as a probability map for individual land use classes. Probability
maps for the different land use classes were stacked, and each grid cell
was assigned the land use class with the highest probability value. In a
second step, the land use map was iteratively calibrated against national

land use statistics for 2020 (Table A4). The map was repeatedly
reclassified using the probability maps so that national land use areas
approximated the official area statistics as closely as possible. The final
land use map covers Germany, has a spatial resolution of 1 km and
contains 31 land use classes with different land use intensity levels for
2020. Since the study focused more on intensity levels related to ur-
banization and cropland due to their impact on nutrient-driven elevated
GHG concentrations (e.g., Wang et al., 2024; Xu et al., 2024), the 31 land
use classes were aggregated into 7 different land use classes, which
mainly reflected urban areas and cropland land use intensity (see
aggregated land use class in Table A3). In brief, the 7 land use classes
were intensive croplands (high fertilization: ca. 250 kg N/ha; potentially
irrigated), extensive croplands (low fertilization: ca. 100 kg N/ha;
rainfed), urban areas, pastures (intensive-extensive), forestry (intensive-
extensive), solar and others (sparsely or unmanaged land, mining areas,
wetlands, shrubs, barren land, rocks and ice). Land use percentages for
each of the 2934 catchments were calculated from the land use map
containing these 7 distinct land use classes. The dominant land class for
each catchment (>50 % of a single land use class) was then determined.
When none of the 7 classes dominated the catchments, these catchments
were classified as those with mixed land use. The median GHG fluxes for
each dominant land use class were compared from the highest to the
lowest to assess the effect of land use and land use intensity on riverine
GHG fluxes. Pairwise mean comparisons using the Wilcoxon test were
then conducted to determine significant differences in the riverine fluxes
across the dominant land use classes.

3. Results
3.1. Comparison of the ML models

Measured GHG concentrations for the 20 catchments ranged from
219.96 to 3861 pg Lt (mean; 1135.0) for CO,-C concentrations,
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0.12-51.6 pg L1 (2.82) for CHy4-C concentrations, and 19.6-4424 ng L™}
(830.9) for N2O-N concentrations. As for the fluxes, they ranged from
—0.73-174.38 g m~2 d~! (18.4) for CO»-C fluxes, 0-307.8 mg m 2 d~?
(31.6) for CH4-C fluxes, and —18.5-162.8 mg m~2 d ™! (12.1) for NyO-N
fluxes (Table A1). Model performance, as indicated by both the coeffi-
cient of determination (r2) and the MAE, varied based on the chosen
machine learning algorithm, the input dataset, and the type of green-
house gas (GHG) (Table 3; Figs. A2, A3, A4). Decision tree-based models
generally performed better than other model structures, accounting for
all of the best-performing models, with coefficients of determination
ranging from 0.33 to 0.72 (Table 3). Among these, gradient-boosting
models (gbm, xgbTree, and xgbLinear) typically outperformed random
forest models, regardless of the input dataset (Table 3). For example,
CO3 concentrations and fluxes were most accurately predicted by these
models, with average model uncertainties across the three input datasets
(% of MAE relative to the measured mean values) of +4.9 % for CO,
concentrations and + 6.7 % for CO, fluxes (Table 3). Notably, NDWI
emerged as the most influential predictor for CO, concentrations and
fluxes in the remote sensing dataset, while water temperature was the
top predictor in the water quality dataset (Table 3). Similar to CO, CHy
concentrations and fluxes were best predicted by the gradient boosting
models, with average model uncertainties across the three input datasets
of +76.1 % for CH4 concentrations and +17.0 % for CH4 fluxes
(Table 3). NDII and NDWI stood out as the primary predictors for CHy
concentrations and fluxes in the remote sensing dataset, while water
temperature and NO3s demonstrated more substantial predictive power
for CH4 dynamics in the water quality dataset (Table 3). In contrast to
CO4 and CH4, N2O concentrations and fluxes were better predicted by
the random forest models, with average model uncertainties across the
three input datasets of +6.3 % for NO concentrations and +11.6 % for
N2O fluxes (Table 3). Vegetation quality indices such as NDVI and
GNDVI emerged as strong predictors for N2O concentrations and fluxes
in the remotely sensed data, while similar to CO,, water temperature
showed its predictive strength for the water quality datasets (Table 3).
Overall, water quality data showed higher predictive performance for all
three GHG concentrations and fluxes than remote-sensing data
(Table 3). On the other hand, N»,O and CO, concentrations and fluxes
were better predicted by all three datasets than CH4 concentration and
fluxes (Table 3).

Table 3
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3.2. Observed vs predicted median GHG concentrations and diffusive
fluxes in the test dataset

Regression analysis of predicted versus observed annual median
GHG concentrations and fluxes from the test dataset (not used in model
construction) revealed notable trends across the input datasets and GHG
types (Fig. A5). Generally, the models could reproduce catchment scale-
measured median values of GHG concentrations and fluxes. However,
the slopes of these relationships were mostly <1, indicating that the
prediction of all three datasets mostly underestimated GHG concentra-
tions and fluxes, especially the higher values (Fig. A5). Moreover, the
degree of underestimation by the models depended on the type of input
data and GHG type, ranging from 24 % to 72 % for all the GHGs and
across all three input datasets (Fig. A5).

Remotely sensed vegetation indices and water quality datasets more
accurately predicted COy concentrations and fluxes, with the lowest
underestimation (23 %) found for CO, concentrations. The remotely
sensed dataset also better predicted CH4 concentrations, while CHy4
fluxes were better predicted by the combined dataset resulting in the
lowest underestimation (29 %). Compared to CO5 and CHy, the models
from all three datasets performed better on average for NoO concen-
trations and fluxes. The combined dataset showed the lowest underes-
timation for both N2O concentrations and fluxes, with the degree of
underestimation ranging from 10 to 15 % (Fig. A5).

3.3. Upscaled GHG concentrations and fluxes from rivers in Germany

The modeled riverine GHG concentrations and subsequent annual
diffusive flux estimates for the 2934 individual catchments in Germany
were highly spatially variable, ranging up to 4 orders of magnitude
(Fig. 2). In comparison to available measured values in the GRiMeDB
dataset (Stanley et al., 2023; Table A5), modeled CO5 and CH4 con-
centrations were significantly (p < 0.05) lower than the measured
values, CHy4 fluxes were comparable, while modeled CO, fluxes were
significantly higher than the measured values (Fig. A6). Focusing on
individual GHGs, the catchment-scale annual median riverine GHG
concentrations and fluxes ranged from 107 to 3484 pg L™ and from 0.09
to 25.31 kg m~2 yr~! for CO,-C, from 0.09 to 33.85 pg L™! and from
—~1.28-60.25 g m 2 yr~! for CH4-C and from 141 to 2151 ng L™! and
—4.25-13.84 g m 2 yr! for NyO-N (Fig. 2). Similar to the median fluxes,
catchment-specific stream surface areas were also highly variable,
ranging from 592 to 1,215,778 m?. Total annual riverine GHG fluxes for

Summary of the top three most essential predictor variables (explaining >60 % of the variance) from the best-performing ML models. Also included is the mean
absolute error (MAE) of the predicted riverine GHG concentrations and fluxes expressed as a percentage of the actual mean values from the 20 sites.

2

Dependent variables Algorithm r MAE (% of measured mean) Important predictor variables Dataset

CO4-C concentration (g L™1) xgbTree 0.55 5.6 NDWI, NDVI, GNDVI Remote sensing

CH,4-C concentration (g L") xgbTree 0.44 87.8 NDII, NDVI, SR Remote sensing

N20-N concentration (ng L’l) xgbTree 0.54 6.7 NDVI, NDWI, NDII Remote sensing

COy-C flux mg m~2d! xgbTree 0.33 7.6 NDWI, MSI, GNDVI Remote sensing

CH4C flux mg m2d? xgbTree 0.33 19.7 NDWI, GNDVI, NDVI Remote sensing

N,O-N flux mg m 2 d~! gbm 0.46 13.2 GNDVI, MSI, NDII Remote sensing

CO,-C concentration (g L™1) gbm 0.70 4.5 Water temperature, EC, DO Water quality

CH,4-C concentration (g L") xgbLinear 0.53 68.9 NOs, EC, DO Water quality

N,O-N concentration (ng ') rf 0.60 6.2 Water temperature, EC, DO Water quality

COy-C flux mg m~2d! rf 0.55 6.3 Water temperature, EC, DO Water quality

CH4-C flux mg m=2d! f 0.53 16.0 Water temperature, EC, DO Water quality

NO-N flux mg m~2d! f 0.61 10.9 Water temperature, EC, DO Water quality

CO,-C concentration (pg L) gbm 0.72 4.5 Water temperature, EC, DO Remote sensing & water quality
CH,4-C concentration (ug L™1) rf 0.60 71.5 Water temperature, EC, DO Remote sensing & water quality
N,O-N concentration (ng ') rf 0.62 5.9 Water temperature, EC, DO Remote sensing & water quality
CO,-C flux mg m~2d! xgbTree 0.53 6.3 EC, DOC, DO Remote sensing & water quality
CH,4-C flux mg m2d! xgbLinear 0.54 15.3 DOC, DO, EC Remote sensing & water quality

N,O-N flux mg m~2d! of 0.66 10.7

Water temperature, EC, DO Remote sensing & water quality
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Fig. 2. Modeled annual riverine median GHG concentrations and estimated annual GHG diffusive fluxes for 2934 individual catchments in Germany for 2020.

the whole of Germany, quantified by multiplying these catchment-
specific annual river surface areas and median fluxes, were 1216 Gg
CO,-C yr~1, 0.80 Gg CH,4-C yr %, and 0.17 Gg N2O-N yr L.

3.4. Effect of land use intensity on the spatial trends of total annual CO2-
equivalent fluxes

The modeled riverine COy-eq diffusive fluxes across the 2934 indi-
vidual catchments in Germany ranged from 1.7 to 96.5 kg m~2 yr?,
resulting in total annual fluxes of 4.56 Tg COz-eq yr~! when all the
catchment-specific fluxes are summed up (Fig. 3). CO; fluxes accounted
for most of the fluxes (median for all catchments: 99 %), while CH4 and
N,O were minor contributors. Catchment-scale land use appeared to
account for the spatial variability in the total annual fluxes, with
catchments with high annual fluxes coinciding with urban and arable-
dominated regions (Fig. 3). Further analysis of the effect of land use at
the catchment scale also revealed that land use intensity plays a sig-
nificant role in the catchment-scale spatial heterogeneity in the daily
riverine GHG fluxes (Fig. 4). Catchments dominated by urban areas and
intensive cropland had significantly (p < 0.05) higher CO5 and N0
fluxes than those dominated by extensive cropland, forestry, and
pasture. Compared to CO3 and CHy (a decrease of up to 55 %), median

N2O fluxes showed the most significant decrease with changes in land
use of up to 148 %, as the streams with the lowest fluxes (in forest and
pasture-dominated catchments) became mostly N»O sinks (Fig. 4).

4. Discussion

In this study, we demonstrate the potential of machine learning
models driven by remotely sensed vegetation indices to spatially upscale
riverine GHG diffusive fluxes to the national scale using limited field-
based measurements. This research builds on previous studies that
modeled riverine GHG fluxes over large spatial areas (Liu et al., 2022;
Marzadri et al., 2021; Rocher-Ros et al., 2023) by additionally assessing
how land use intensity accounts for catchment-scale spatial differences
in the modeled fluxes from multiple catchments of different sizes
(catchment areas: 0.1 to 489 km?). Among the machine learning algo-
rithms tested, complex decision-tree-based models such as rf, gbm,
xgbTree, and xgbLinear outperformed other model structures (Table 2;
Table 3), indicating complex relationships between the GHGs and their
environmental controls. Although water quality input data predicted
GHG concentrations and fluxes better than remotely sensed data, the
difference in predictive strength based on the MAE of the two datasets
was not substantial (Table 3). This finding suggested that the greater
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Landuse map for 2020
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Fig. 3. a) Land use map for Germany for 2020, representing also differences in land use intensities across croplands. b) Total annual riverine CO, equivalent diffusive
fluxes for the 2934 catchments in Germany for 2020.
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Fig. 4. Boxplots indicating the effect of land use on daily riverine diffusive GHG fluxes from individual catchments in Germany. The numbers on top of the boxplots
indicate % declines in the median fluxes from the land use class with the highest fluxes to the land use class with the lowest fluxes. The letters on top represent
significant differences (p < 0.05) from pairwise mean comparisons using the Wilcoxon test.
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spatial availability of RS data, compared to water quality data, could be
leveraged to upscale riverine emissions to larger areas. Applying this
approach, the upscaled annual riverine COz-equivalent fluxes for all of
Germany, based on national-scale remotely sensed vegetation indices as
inputs, ranged from 1.65 to 96.37 kg m~2 yr~! across 2934 individual
catchments (Fig. 3). The highest diffusive GHG fluxes came from urban
and intensive cropland-dominated catchments, while the lowest were
from extensive cropland, forestry, and pasture-dominated catchments
(Fig. 4).

4.1. Environmental controls of riverine GHG concentrations and diffusive
fluxes

Similar to previous studies, decision tree-based models, such as the
random forest and gradient boosting models, better predicted CO»
concentrations and fluxes than other model structures (Liu et al., 2022;
Xiong et al., 2024). Our results also showed that terrestrial and aquatic
drivers are key to explaining the spatio-temporal variations in COy
concentrations and fluxes. For example, the best predictor of COy
included in-situ water quality parameters such as water temperature,
electrical conductivity, DOC, and DO, which have previously been
shown to indicate CO, production from temperature and nutrient-
dependent in situ respiration of organic matter (Gomez-Gener et al.,
2021; Mwanake et al., 2022, 2024). At the same time, vegetation quality
and moisture indices from upstream catchment areas such as NDVI and
NDWI were also important predictors of CO5 concentrations and fluxes,
indicating that terrestrial to aquatic transport of CO originating from
plant-mediated terrestrial respiration may have further enhanced in-situ
CO- concentrations and fluxes in our studied streams. Several studies
have reported similar mechanisms, linking terrigenous CO, concentra-
tions to high riverine CO; fluxes during periods of stream-soil hydro-
logical connectivity (Liu et al., 2023; Liu et al., 2022; Piatka et al., 2024).
Such a conclusion is also supported by the prediction of instream CO5
concentrations with vegetation moisture indices, which may indicate
hydrological conditions within the catchments (Table 3).

Like CO; concentrations and fluxes, vegetation quality and moisture
indices such as NDVI and NDWI were strong predictors of CH4 concen-
trations and fluxes, suggesting that CH, sources in streams are closely
linked to anaerobic respiration of soil-derived organic carbon or direct
terrestrial inputs from riparian areas (e.g., Leng et al., 2021; Piatka et al.,
2024; Rocher-Ros et al., 2023). Previous studies have also shown that
CH4 in streams can be produced via hydrogenotrophic or acetoclastic
methanogenesis, using either CO, or acetic acid as carbon sources
(Stanley et al., 2016). We argue that similar processes may explain the
close links between CO5 and CH4 drivers. This conclusion is further
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supported by the prediction of CH4 by water temperature, DO, DOC, and
NOg, relationships that have been linked with instream methanogenesis
in the past (Baulch et al., 2011; Mwanake et al., 2023a; Schade et al.,
2016).

Vegetation quality and moisture indices were also key to predicted
instream N2O concentrations and fluxes, suggesting that vegetation-
mediated seasonal C and N cycling processes within catchments are
closely linked to instream processes. Two opposing mechanisms may
explain these findings. Firstly, seasonal (autumn and winter) reductions
in vegetation cover resulting in reduced plant N uptake may result in
excess terrestrial N that can end up in streams during hydrological
connectivity, thus fueling in-situ NoO production processes (e.g., Beau-
lieu et al., 2008; Herreid et al., 2021). Second, increases in vegetation
cover and growth during summer may favor root exudates that promote
terrestrial NoO production, which may also be transported to streams
during periods of hydrological connectivity (e.g., Piatka et al., 2024).
Both mechanisms are supported by relationships of NoO with water
temperature, DO, NO3, and DOC, which have been shown to be linked
with instream or terrestrially sourced NoO within fluvial ecosystems
(Borges et al., 2018; Mwanake et al., 2019, 2023a; Wang et al., 2022).

Overall, water quality-driven ML models best predicted all three
GHG concentrations and fluxes, with only slight improvements in pre-
dictive strength when the combined dataset incorporating remotely
sensed data was used (Table 3). This finding suggests that water quality
data more accurately reflects in-situ conditions governing fluvial GHG
dynamics, as opposed to terrestrial characteristics derived from
remotely sensed data. However, the differences in predictive strengths
between the two datasets were mostly not substantial (model uncer-
tainty differences <4 % for GHG fluxes), indicating that the extensive
spatial availability of remotely sensed data could be leveraged to upscale
fluvial GHG fluxes from catchment-scale field measurements to larger
regional or nationwide estimates. This approach was demonstrated in
this study for Germany and aligns with a few previous studies that used
machine-learning algorithms with remotely sensed data to upscale
catchment-scale GHG measurements on much larger global scales
(Marzadri et al., 2021; Rocher-Ros et al., 2023).

4.2. Comparison of modeled riverine GHG diffusive fluxes in Germany to
regional and global estimates

To validate our modeled annual riverine GHG fluxes for Germany,
we compared them to a few measured estimates from the temperate
region and globally sampled across an entire year, thus also accounting
for seasonality (Table 4). In terms of annual riverine emissions, our es-
timate for Germany of 4.56 Tg COg-eq yr~ ' accounts for 3.1 % of riverine

Table 4
Comparison of modeled riverine fluxes in this study to a few regional and global estimates.
Land use Country Number of study Data duration CO,-Cflux (@m 2d™ 1)  CH4-C flux (mg m~2 N,O-N flux (mgm2d™')  Reference
reaches dh
Range Mean Range Mean Range Mean

Mixed Germany 2934 Annual, 2020 0.8-70.8 17.1 —3.5-165.1 11.4 -11.7-37.9 1.2 This study
streams

Mixed Germany 2 Annual, 10.1 Leng et al., 2021
streams 2013-2020

Mixed USA 3 Annual, 2012 0.4-1.1 6-43.8 —0.6-6.0  Schade et al., 2016
streams

Mixed Switzerland 1 Annual, 2016 13.3-494.5 31 Horgby et al.,
streams 2019a

Mixed Europe 34 Annual, 2017 —0.8-5.8 Attermeyer et al.,
streams 2021

Mixed Global 2.9 100.8 3.1 Li et al., 2021
streams

Mixed Global —0.6-178.6 Hu et al., 2016
streams

Mixed Global —125-5190 99 Stanley et al., 2016
streams
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emissions from Europe (median: 147. 1 Tg CO5-eq yr~'; Lauerwald et al.,
2023), a percent equal to a third of its land mass area in Europe (Eu27).
Our modeled daily diffusive riverine CO3, CHy4, and N3O fluxes for
Germany are within the range of measured estimates from similar
temperate streams in Germany, the USA, Switzerland, and Europe that
drain mixed land uses (Table 4). Additionally, the upscaled annual
riverine CO2, CHy, and N,O fluxes in this study are also within the range
of current field-based global estimates of —0.54-32 kg COo-C m™2 yr 1,
~0.22-65.18 g NyO-N m 2 yr ! and —0.59-17 kg CH4-C m~2 yr!
(Horgby et al., 2019b; Hu et al., 2016; Stanley et al., 2023). Taken
together, the comparable nature of modeled fluxes in this study to other
regional and global estimates further highlights the applicability of this
upscaling technique across a wide range of streams characterized by
different catchment characteristics (stream size, topography, land use,
and climate).

4.3. Effects of land use intensities on modeled riverine GHG fluxes for
Germany

Catchments within intensively managed land uses, as indicated by
intensive croplands and urban areas, had up to 148 % higher modeled
riverine GHG fluxes compared to those dominated by extensive crop-
lands, as well as pasture and forested land uses, both with high or low
management intervention (Fig. 4; Table A3). The link between increased
GHG fluxes and intensively managed catchment land uses in this study
agrees well with findings from previous studies based on actual field
measurements and can be closely associated with nutrient, carbon, and
dissolved GHG inputs to the streams from the surrounding soils (Brown
et al., 2023; Herreid et al., 2021; Mwanake et al., 2023b, 2024; Park
et al., 2023). For example, intensively managed cropland catchments
may contribute higher nutrient inputs in streams than extensively
managed catchments due to differences in the amounts of fertilizer
applied, which can drive elevated instream respiration, nitrification, and
denitrification in them, thus favoring instream CO3 and N3O production
(e.g., Masese et al., 2017; Piatka et al., 2021; Wang et al., 2024). On the
other hand, the presence of wastewater treatment plants in urban areas
may result in nutrient, labile carbon, and dissolved GHG inputs to
streams, also favoring elevated riverine GHG fluxes (e.g., Peterse et al.,
2024; Xu et al., 2024). In contrast, streams in forested and pasture areas
may receive fewer nutrient inputs due to better retention in the soils,
lower nitrogen inputs, reduced labile carbon inputs, and decreased
dissolved GHG concentrations inputs, resulting in much lower riverine
GHG fluxes. We argue that similar mechanisms accounted for the sig-
nificant differences that we found in our modeled riverine fluxes across
land use classes (Fig. 4). This is further supported by the strong links
between GHG concentrations and fluxes and vegetation quality and
moisture indices, which may act as predictors for nutrient, organic
matter, and hydrological conditions within the catchment soils (e.g.,
Wangari et al., 2023).

4.4. Sources of uncertainties and limitations of our upscaling methodology

Despite the potential demonstrated in this study for modeling
national-scale riverine GHG fluxes comparable to regional and global
measured estimates (Table 4), our modeled fluxes for Germany may
have several sources of uncertainty. For example, the uncertainties in
modeled diffusive fluxes from RS data (MAE as a percentage of the
measured mean) were +7.6 % for CO, fluxes, +19.7 % for CH4 fluxes,
and +£13.2 % for N2O fluxes. When combined with the uncertainty in k
values used to compute the diffusive fluxes in the training dataset
(£10.0 %; Raymond et al., 2012), the cumulative uncertainties in the
diffusive fluxes, based on error propagation, were +12.5 % for COy
fluxes, £22.1 % for CH,4 fluxes, and +16.6 % for N,O fluxes. Regarding
areal fluxes, we estimate total uncertainties in stream surface area
quantification to be larger than the flux uncertainties, driven by the
failure to account for seasonal expansion and contraction in river surface
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areas due to using fixed annual surface areas (uncertainty ~28 %;
Mwanake et al., 2022) and the computation of stream width from long-
term discharge (uncertainty ~4 %; Xu et al., 2020). By combining these
two uncertainties for surface area estimation (32 %), the uncertainties
in areal riverine diffusive fluxes, based on error propagation, are
4+34.35 % for CO, fluxes, +-38.98 % for CH4 fluxes, and +36.05 % for
N2O fluxes. Since the total COg-equivalent fluxes were largely domi-
nated by COz (>95 %), applying the cumulative uncertainty for CO2
(4:34.35 %) to the riverine emissions for Germany (4.56 Tg COz-eq yr 1)
results in a range of 3.01 to 6.11 Tg COz-eq yr '. Other uncertainties
that were challenging to account for quantitatively suggest that these
quantified fluxes may primarily underestimate the overall fluxes for
Germany. For instance, the failure of our upscaling methodology to
account for spatial hot spots along river reaches (e.g., Koschorreck et al.,
2024; Mwanake et al., 2024), temporal hot moments such as peak night
time CO; fluxes, (e.g., Attermeyer et al., 2021; Koschorreck et al., 2024;
Woodrow et al., 2024) and extremely high seasonal fluxes due to peak
precipitation events (e.g., Mwanake et al., 2022; Piatka et al., 2024). In
addition, the inclusion of only diffusive fluxes and, therefore, also
underestimating CH4 emissions, particularly due to the significant
contribution of ebullition, as shown in previous studies (Baulch et al.,
2011; Michaelis et al., 2024; Wilkinson et al., 2019).

Another important source of uncertainty on the modeled fluxes
worth highlighting is the spatial limitation of the training data, which
was skewed towards a few headwater streams, despite German streams
and rivers being highly diverse, including very small streams to large
estuary rivers (See Premke et al., 2022). This limitation was largely
driven by the paucity of the existing riverine GHG datasets for Germany
in space and time, as shown by the GRiMe database, which represented
the only available compiled data for stream GHG concentration and
fluxes in Germany for an out-of-bag validation of our modeled estimates.
The lack of the required temporal coverage (annual) (Table AS5) at
spatially diverse sites to properly validate our modeled fluxes may partly
explain the significant differences between measured and predicted
values (Fig. A6), which were not apparent when we used median values
for our 20 training catchments sampled throughout the year (Fig. A7).
Despite the spatial limitation of our training data, its skewness towards
headwater streams may have helped minimize the effects of the un-
certainties introduced in the overall countrywide flux estimates due to
this limitation. Headwater streams have been shown to occupy 89 % of
global fluvial lengths (Raymond et al., 2013) and contribute over 70 %
of fluvial GHG fluxes, compared to large rivers (Li et al., 2021). There-
fore, including these streams in the training data ensured the repre-
sentation of ecosystems with the largest influence on overall fluvial
fluxes.

5. Conclusions

In this study, the modeling of riverine GHG fluxes using ML with
remotely sensed data provided an alternative for upscaling riverine GHG
fluxes in the absence of adequate water quality data in space and time.
The ability of such a modeling approach to directly predict catchment
scale diffusive fluxes also overcomes the need to additionally model gas
exchange rates separately (See Raymond et al., 2012), reducing the
overall uncertainties in upscaled fluxes, particularly over large spatial
scales. In addition to these methodological improvements, our upscaled
GHG fluxes revealed the importance of land use intensities in accounting
for catchment-scale differences in the riverine fluxes. For instance,
intensively managed croplands had much higher CO; and N>O fluxes
than extensively managed croplands, which we closely linked to the
differences in amounts of N-based fertilizer inputs. However, our
modeled fluxes had several uncertainties highlighted above, calling for
improvement of future upscaling exercises using this methodology to
better quantify this important GHG source at national scales for proper
GHG accounting. This improvement will involve more spatially
distributed monitoring sites across countries to properly calibrate and
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validate the ML models and their outputs, producing more accurate and

reliable estimates on a national scale.
Glossary

Not applicable.
Abbreviations

Not applicable.
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The entire dataset for model training and validation is available at

Mwanake, 2023 (d0i:10.35097/1684).
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© External validation data from

WS 5 TR the GRiMe Database

1

® Model training and validation data
from the 20 stream sites nested in the
Loisach, Schwingbach and Neckar catchments
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Fig. Al. German map showing 2934 catchments from the global hydrobasin dataset (Level 12; retrieved July 1, 2024: https://www.hydrosheds.org/products/hy
drobasins). The black dots show the 20 stream sites nested within the Schwingbach, Neckar, and Loisach catchments used for model training and validation. The
blue dots show the external validation sites from the GriMe database that were not used during the model construction phase (Stanley et al., 2023).
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Fig. A2. Performance of several ML algorithms (Table 1) in predicting GHG concentration and fluxes from remotely sensed vegetation indices alone. Bars and text
show the rz, while the red line and dots show the mean absolute error (scaled from O to 1).
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Fig. A3. Performance of several ML algorithms (Table 1) in predicting GHG concentration and fluxes from the in-situ water quality data alone. Bars and text show the
r2, while the red line and dots show the mean absolute error (scaled from 0 to 1).
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Fig. A4. Performance of several ML algorithms (Table 1) in predicting GHG concentration and fluxes from the combined in situ water quality data and remotely
sensed vegetation indices. Bars and text show the rz, while the red line and dots show the mean absolute error (scaled from O to 1).
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Table A1

Summary statistics for the measured parameters from the 20 catchments.
Variable Mean + SE Min-max
Water temperature 10.75 + 0.33 0.9-23.8
Electrical conductivity (us cm™?) 659.16 + 26.2 240-1718
pH 8.02 + 0.03 7.17-8.82
DO (mg L’l) 10.01 + 0.16 5.43-15.69
DO saturation 96.94 + 1.33 54.6-143
NH4-N (mg L) 0.09 + 0.01 0-0.45
NOs3-N (mg L’l) 3.2+ 0.26 0.04-12.84
DOC (mg L™ 3.44 £ 0.16 1.13-16.05
CO,-C concentration (g L) 1135.03 + 66.14 219.96-3861
CH,-C concentration (pg L™1) 2.82 +0.54 0.12-51.6
N20-N concentration (ng L_l) 830.91 + 63.34 19.6-4424
COy-C flux gm—2d~! 18.43 +2.35 —0.73-174.34
CH4-C flux mg m 2 d~! 31.67 + 4.1 0-307.83
N2O-N flux mg m 2 d ! 12.09 + 2.2 —18.52-162.84
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Table A2

Spatial datasets used to generate harmonized land use map for Germany.

Science of the Total Environment 958 (2025) 177984

Dataset Description, classes used Spatial Reference Source
resolution year
HILDA+ land use 2020 Global land use/cover map with urban, cropland, tree crops, agroforestry, 1 x 1km 2020 updated version from Winkler
pasture, forest, unmanaged grass and shrublands. et al., 2021
Dou et al. European land Land system classes and intensities (low — medium - high): 1 x1km ca. 2018 Dou et al., 2021
system map o forest types (based on wood production and primary forest probability)
o grasslands (based on grazing, nitrogen input and mowing frequency)
e croplands (based on nitrogen inputs and field size)
CORINE land cover map European land cover map with cropland, pasture, and forest types 100 x 100 m 2018 Copernicus Land Monitoring
Service, 2020
Preidl et al. land cover map German land cover map with detailed crop types (wheat, barley, legumes, 20 x 20 m 2016 Preidl et al., 2020
maize, potato, rapeseed, etc.)
Blickensdorfer et al. crop German crop type classification (wheat, barley, potato, maize, rapeseed etc.) 10 x 10 m 2019 Blickensdorfer et al., 2022
type map
High nature value (HNV) Map of extensive farming systems with high biodiversity value 100 x 100 m 2012 EEA, 2017
farmland
Agraratlas: organic farming Share of organically farmed area in utilized agricultural area in 2020 ina grid 5 x 5km 2020 Destatis, 2021
areas with a width of 5 km
German renewable energy Locations and system data of renewable energy systems: bioenergy plants and 2020 Manske et al., 2022
sites open-space photovoltaics
Table A3

Aggregated and detailed land use classes and definitions from the harmonized German land use map.

Aggregated land use class

Detailed land use class

Description/definition

Intensive cropland (high fertilization: ca. 250
kg N/ha; potentially irrigated)

Extensive cropland (low fertilization: ca. 100

kg N/ha; rainfed)

Pasture

Forestry

Solar

Urban
Other

Intensive C3 cereal crops
Intensive C3 oil crops
Intensive C3 fruit and
vegetables

Intensive C3 starchy roots
Intensive C4 crops

Intensive C3/C4 fodder crops
Bioenergy gen. 1

Bioenergy gen. 2

Extensive C3 cereal crops
Extensive C3 oil crops
Extensive C3 fruit and
vegetables

Extensive C3 pulses
Extensive C3 starchy roots
Extensive C4 crops

Extensive C3/C4 fodder crops
Sustainable arable

Intensive pastoral
Extensive pastoral
Very extensive pastoral
Agroforestry

Broadleaf forest (intensive)
Conifer forest (intensive)
Broadleaf forest (extensive)
Conifer forest (extensive)
Multifunctional mixed
woodland (extensive)
Conserved woodland
Dedicated solar farm
Agrovoltaic farm

Urban
Other

Water

Intensive cereal cultivation (wheat, rye, barley, etc.) for food production

Intensive oil crops (rapeseed, sunflower, linseed, soybeans) for food production

Intensive fruit or vegetable crops (leeks, onion, carrots, strawberries, grape etc.) for food
production

Intensive starchy root crops (potatoes, sugar beet) for food production

Intensive maize cultivation for food production

Intensive crops (cereals, starchy roots, maize) cultivated for feeding domestic livestock
Food crops (rapeseed, wheat, barley, maize, sugar beet) cultivated for bioenergy production
(high fertilization: ca. 250 kg N/ha; potentially irrigated)

Non-food crops or grass used in the production of biofuels or biomass, e.g. miscanthus, short
rotation coppice willow (low fertilization: ca. 100 kg N/ha; rainfed)

Extensive cereal cultivation (wheat, rye, barley, etc.) for food production

Extensive oil crops (rapeseed, sunflower, linseed, soybeans) for food production
Extensive fruit or vegetable crops (leeks, onion, carrots, strawberries, grape etc.) for food
production

Extensive pulses cultivation (peas, lentils, chickpeas, beans) for food production
Extensive starchy root crops (potatoes, sugar beet) for food production

Extensive maize cultivation for food production

Extensive crops (cereals, starchy roots, maize) cultivated for feeding domestic livestock
Very extensive (organic) farming (cereal, pulses, starchy roots, fruit and vegetables) for food
production

Intensive pasture for livestock (frequent mowing, high fertilization, no grazing)

Extensive pasture for livestock (moderate mowing and/or moderate grazing)

Very extensive pasture for livestock (only low grazing, e.g. mountain areas)

Agroforestry systems with a mix of broadleaf trees and crop cultivation (cereals, fruit and
vegetables, oil crops)

Broadleaf trees with intensive forest management

Conifer trees with intensive forest management

Broadleaf trees with extensive forest management

Conifer trees with extensive forest management

Mixed trees with extensive forest management

Protected forests with no/low management

Large-scale installation of solar panels for solar energy production

Combination of cropland (cereals, maize, starchy roots or fruit and vegetables) or pasture and
solar energy production

Urban areas, settlements, built-up surfaces and infrastructure

Unlabeled, sparsely or unmanaged land (mining areas, wetlands, shrubs, barren land, rocks
and ice)

Water bodies
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Table A4

National land use statistics for Germany in 2020 used for land use map calibration.
Land use areas Derived values and units Source
Forest area 107,000 km? Destatis (2024)
Cropland area 118,000 km? BMEL (2022)
Pasture area 47,000 km? BMEL (2022)
Urban area 51,800 km? Destatis (2024)

Table A5
Characteristics of the external validation dataset from the GRiMe database (Fig. Al; Stanley et al., 2023). Source ID and Site IDs can be looked up under the GRiMe
Database.

Source ID Site ID Land use Sampling dates Longitude Latitude ID in the 2934 catchments
2223 1004 Urban 2020-03-15 7.979 49.214 2121141740
2223 1005 Urban 2020-03-15 8.299 49.1908 2120449820
2223 1006 Urban 2020-03-15 8.156 49.284 2120446210
2223 1007 Urban 2020-03-15 8.377 49.2238 2120447840
2223 1008 Urban 2020-03-15 8.2252 49.2463 2120446310
2223 1009 Urban 2020-03-15 8.2295 49.3308 2120446210
2223 1010 Urban 2020-03-15 8.2171 49.2096 2120449820
2223 1011 Urban 2020-03-15 8.3015 49.1615 2120449970
2223 3204 Urban 2020-03-15 7.97832 49.213 2121141740
2223 3205 Urban 2020-03-15 8.296 49.192 2120449820
2223 3206 Urban 2020-03-15 8.1536 49.2845 2120446210
2223 3207 Urban 2020-03-15 8.3753 49.2236 2120447840
2223 3208 Urban 2020-03-15 8.2244 49.246 2120446310
2223 3209 Urban 2020-03-15 8.2255 49.3319 2120446210
2223 3210 Urban 2020-03-15 8.2126 49.2102 2120449820
2223 3211 Urban 2020-03-15 8.2984 49.1607 2120449970
2251 1383 Urban 2020-04-15 13.6886 52.4298 2120366350
2251 1384 Urban 2020-04-15 13.3196 52.5194 2120363970
2251 1385 Urban 2020-04-15 13.2162 52.5362 2120363970
2251 1386 Urban 2020-04-15 13.1651 52.5782 2120361600
2251 1387 Urban 2020-04-15 13.4396 52.4895 2120363970
2251 1388 Urban 2020-04-15 13.497 52.4705 2121109280
2251 1389 Urban 2020-04-15 13.3667 52.5366 2120363450
2251 1390 Urban 2020-04-15 13.3264 52.4433 2120367060
2251 1391 Urban 2020-04-15 13.5204 52.4264 2121109720
2251 1392 Urban 2020-04-15 13.3859 52.5821 2120363450
2251 1393 Urban 2020-04-15 13.3492 52.5649 2120363450
2251 1394 Urban 2020-04-15 13.4688 52.6238 2121108460
2251 1395 Urban 2020-04-15 13.4531 52.6288 2121108460
2251 1396 Urban 2020-04-15 13.6124 52.4589 2120365810
2251 1397 Urban 2020-04-15 13.4109 52.6207 2120363450
2251 1398 Urban 2020-04-15 13.5628 52.4151 2120366100
2251 1399 Urban 2020-04-15 13.5796 52.5259 2121109720
2251 1400 Urban 2020-04-15 13.3754 52.6316 2120363300
2265 1652 Mixed 2020-08-10 to 2020-10-26 13.485 51.152 2120400520
2265 1653 Mixed 2020-08-10 to 2020-10-26 131 51.5 2120390270
2265 1654 Mixed 2020-08-10 to 2020-10-26 12.47 51.86 2120382220
2265 1655 Mixed 2020-08-10 to 2020-10-26 11.68 52.08 2120372860
2265 1656 Mixed 2020-08-10 to 2020-10-26 11.27 53.12 2120348790
2334 9286 Wetland 2020-04-01 to 2020-09-29 12.46061 54.13348 2121094130
2334 9287 Wetland 2020-04-01 to 2020-09-29 12.62399 54.13312 2121094130
2334 9288 Wetland 2020-04-01 to 2020-09-29 12.73745 54.0998 2120329020
2334 9289 Wetland 2020-04-01 to 2020-09-29 12.73626 54.09996 2120329020
7157 7762 Mixed 2020-09-05 6.6 49.4 2121138900
7267 8519 Forest 2020-01-20 14.1 52.57 2121108590
7267 8520 Forest 2020-01-20 to 2020-10-17 12.91 53.02 2120351970
7267 8522 Agricultural 2020-01-20 to 2020-10-17 14.04 53.11 2120347990
7267 8523 Agricultural 2020-01-20 to 2020-10-17 13.72 53.34 2120344040
7267 8524 Agricultural 2020-01-20 to 2020-10-17 14.3 52.18 2120373270
11894 11890 Forest/wetland 2020-08-17 to 2020-08-18 10.211 54.314 2120025550
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