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 A B S T R A C T

Soil respiration plays a crucial role in the carbon cycle by representing the greatest flux of carbon from 
terrestrial ecosystems to the atmosphere. The spatio-temporal variability of soil respiration within a landscape 
is a result of the patterns of its climatic and environmental drivers. However, despite its importance, the 
factors driving soil respiration variability within heterogeneous landscapes remain insufficiently understood. 
To investigate such relationships, we measured soil respiration and determined potential drivers at 166 
sites distributed over one year across a 400 km2 study area in the Fichtelgebirge mountains, Germany. We 
trained random forest models and applied interpretable machine learning methods to explain and spatio-
temporally predict soil respiration. Spatio-temporal patterns of soil respiration were predicted with an RMSE 
of 61 mg C m−2 h−1 and an R2 of 0.39. In the heterogeneous landscape that includes grasslands, arable land, 
and forests, spatial variability of soil respiration was large, with variations of up to 415 mg C m−2 h−1 at a 
single point in time. Spatial patterns of soil respiration followed the patterns of the land use types, were further 
differentiated by vegetation cover, and were influenced by the topographic position within the landscape. These 
drivers also influenced patterns of soil temperature, which was the most important driver of soil respiration. 
Our high-resolution predictions demonstrate pronounced spatial variability in soil respiration at the landscape 
scale, arising from the interaction of multiple environmental controls, and offer new insights into responses 
under real-world conditions. Overall, interpretable machine learning showed great potential by explaining the 
spatio-temporal patterns of soil respiration resulting from complex interactions of its drivers, providing insights 
into soil respiration on the landscape scale.
1. Introduction

The CO2 efflux from the soil to the atmosphere (soil respiration), 
is a key component of the global carbon cycle. It originates from soil 
organic carbon (SOC) mineralisation (heterotrophic respiration) as well 
as from roots and root-associated microbes (autotrophic respiration). 
As a result of increasing temperatures, Bond-Lamberty et al. (2018) re-
ported increased heterotrophic soil respiration rates in recent decades, 
which goes along with decreasing SOC stocks found by Crowther et al. 
(2016). However, these trends were observed on a global level, whereas 
locally these trends can also be fundamentally different. The spatio-
temporal variability and the complex interplay of drivers hampers the 
assessment of the potential responses of this process at different scales 
(Reichstein and Beer, 2008).

∗ Corresponding author.
E-mail address: maiken.baumberger@uni-muenster.de (M. Baumberger).

In general, soil properties can be considered at different scales: 
spatially from pore size to global dimensions and temporally from 
seconds to millennia. To encompass spatial patterns on the extent 
of a landscape, a spatial resolution is required in which essential 
components of the landscape (such as land use type, vegetation cover, 
terrain and soil properties) can be distinguished (cf. Turner, 1989). In 
the following we refer to such an extent and resolution by the term 
‘‘landscape scale’’. When considering soil respiration in a landscape, sig-
nificant variations are to be expected, since drivers such as SOC stocks 
(Haas et al., 2026), soil temperature and soil moisture (Baumberger 
et al., 2024), as well as physical, physicochemical and biochemical 
mechanisms (Six et al., 2002; Von Lützow et al., 2008) have high 
spatio-temporal variability. Therefore, it is of importance to investigate 
the spatio-temporal patterns of soil respiration at a landscape scale and 
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to understand how soil respiration responds to varying environmental 
conditions. This knowledge is required for predicting dynamics of soil 
respiration and for developing soil carbon sequestration strategies to 
mitigate climate change.

Soil respiration is influenced by a multitude of drivers that include 
soil temperature (Lloyd and Taylor, 1994), soil moisture (Cook and 
Orchard, 2008), soil organic matter quantity and composition (Cleve-
land et al., 2007), nutrient availability (Meyer et al., 2018b), and 
vegetation density and vitality (Raich and Tufekcioglu, 2000), among 
other factors. Soil temperature and soil moisture regulate microbial 
activity, which generally increases with temperature up to about 35◦C 
(Richardson et al., 2012) but declines under extreme moisture condi-
tions due to limited water or oxygen availability (Moyano et al., 2012). 
Nutrients and carbon availability influence the growth and activity 
of microorganisms, whereby a high C/N ratio may indicate nitrogen 
limitation, possibly reducing microbial growth and microbial activity 
(Meyer et al., 2018b). Local soil properties such as pH influence the 
composition and activity of microbial communities. The activity of 
microorganisms is crucial for the mineralisation of SOC and therefore 
for the amount of CO2 released through heterotrophic soil respiration. 
The autotrophic component of soil respiration is strongly dependent 
on vegetation characteristics such as plant activity and root biomass 
(Shibistova et al., 2002). Since soil respiration is influenced by a multi-
tude of external environmental factors, it exhibits spatial and temporal 
variations across a landscape.

Temporal variations in soil respiration are the result of variations in 
meteorological conditions. Borken et al. (2002) and Tang and Baldocchi 
(2005) have shown for different ecosystems that soil respiration follows 
the temporal variations of soil temperature, resulting in annual, inter-
annual and diurnal variations of soil respiration. Periods of drought 
reduce soil respiration and wetting of dry soil may lead to short-
term increases in soil respiration (Borken and Matzner, 2009). The 
vegetation phenology also leads to temporal changes in soil respiration. 
Besides plant activity, vegetation influences soil respiration through the 
amount and composition of litter and roots (Liu et al., 2023; Bardgett 
et al., 2014).

The interplay between meteorological conditions and landscape 
characteristics drives spatial variability of soil respiration. More pre-
cisely, local weather conditions, buffered by the vegetation cover and 
influenced by the terrain as well as structural soil properties, result 
in fine-scale spatial variations of soil temperature and soil moisture 
(Baumberger et al., 2024), which strongly influence spatial patterns 
of soil respiration (Reichstein et al., 2003). Martin and Bolstad (2009) 
have analysed the spatial variations of soil respiration along different 
spatial scales and detected major variations at a scale of 100 m, which 
were primarily driven by spatial variations of soil temperature and 
soil moisture. Meyer et al. (2018a), furthermore, have shown spatial 
differences in heterotrophic soil respiration depending on land use. 
Under similar soil temperature and soil moisture conditions, the CO2
efflux of forest soils was highest, followed by grasslands and arable 
land. Soil properties differ between land use types, but also within each 
land use type, which further contributes to the development of spatial 
patterns of soil respiration. For instance, positive effects of pH, SOC, 
and total nitrogen content on soil respiration were observed by Borken 
et al. (2002) for forest sites.

Furthermore, it needs consideration that the CO2 efflux at the soil 
surface is a product of the entire soil profile (Hirano, 2005). Therefore, 
not only the state of drivers at the soil surface is important, but also 
the soil properties at deeper depths need to be considered. Hence, soil 
respiration on the landscape scale is shaped by a complex interplay of 
numerous vertically, spatially, and temporally varying drivers, resulting 
in fine-scale patterns along all dimensions.

This complexity makes data collection challenging, leading many 
studies to either focus on temporal or spatial variations. Soil respiration 
measurements are typically only snapshots in a changing environment, 
since measurements often last only a few minutes. Depending on the 
2 
research question and due to the associated costs and effort, there is 
a trade-off between conducting many temporal replicates on a few 
sites (e.g., Borken et al., 2002; Subke et al., 2003) and conducting 
few or no temporal replicates on many sites (e.g., Crum et al., 2016). 
When focussing on temporal variability and experimental manipula-
tions, mainly single ecosystems (e.g., one forest type) are considered 
(e.g., Schindlbacher et al., 2015). Studies that analyse the spatial 
variability of soil respiration are also often based on measurements 
from a single agricultural field (e.g., Borchard et al., 2015; Prolingheuer 
et al., 2014). There are only a few studies investigating the spatio-
temporal variability of soil respiration on a landscape scale. Here, the 
landscape in Martin and Bolstad (2009), Euskirchen et al. (2003), or 
Shi and Jin (2016) was limited to forest ecosystems. Crum et al. (2016) 
investigated a more heterogeneous landscape that includes lawns, agri-
culture, and wild land. Further studies focussing on soil respiration in a 
heterogeneous landscape are investigations of the temperature depen-
dency of soil respiration (Q10) influenced by different site conditions 
(e.g., Meyer et al., 2018a; Chatterjee and Jenerette, 2011), but these 
studies are in most cases based on laboratory experiments and do not 
consider the actual environmental conditions. Although it is of great 
interest to realistically quantify the CO2 efflux on a landscape scale, 
comprehensive studies on spatio-temporal soil respiration variability 
in heterogeneous landscapes under natural conditions, accounting for 
multiple drivers, remain scarce.

By spatio-temporal modelling of soil respiration measurements, in-
sights into the spatio-temporal patterns of soil respiration could be 
provided. In models, the potential drivers of soil respiration are de-
scribed by predictors, which can be either direct measurements of 
drivers such as soil temperature or proxies of drivers such as indices 
from satellite images like the Normalised Difference Vegetation Index 
(NDVI) for vegetation vitality. To account for the complexity of predic-
tors and their interactions, machine learning algorithms are promising 
modelling tools. Due to their large number of trainable parameters 
which are fitted in the modelling process, these models are capable 
of capturing complex relationships in data and achieving high predic-
tive performance. However, this also requires a large number of data 
points as training data from which these relationships can be learned. 
Although the relationships learned by the model reflect patterns in the 
data rather than causal relationships (Wadoux et al., 2020), they can 
serve as a baseline to interpret patterns and generate new hypotheses. 
Random forest models (Breiman, 2001), in particular, are often used to 
model and explain relationships in data with a large number of predic-
tors. They have been applied frequently in spatio-temporal modelling 
(Lary et al., 2016) and were proven to be an effective tool for spatio-
temporal prediction tasks (Gasch et al., 2015; Baumberger et al., 2024). 
With the increasing development of interpretable machine learning 
methods, it is becoming increasingly feasible to gain insights into the 
learned relationships, eventually allowing to support an understanding 
of the underlying processes (Jiang et al., 2024). For instance, partial 
dependency enables to show the mean relationship of each predictor 
to the target variable (Friedman, 2001). Interpretation techniques such 
as Shapley additive explanation (SHAP), can show the marginal effects 
of individual predictors (Lundberg and Lee, 2017). Applying Shapley 
additive explanation to spatial continuous predictor data allows to 
determine the contribution of each predictor for each location in a 
study area. This method has already been used by, e.g., Wadoux et al. 
(2023), to analyse the regional drivers of SOC stocks across France.

In this study, we aim at investigating spatial and temporal varia-
tions of soil respiration on a landscape scale. Therefore, we selected a 
20 km × 20 km study area in the Fichtelgebirge Mountains, Germany. 
The selected landscape is characterised by forests, grasslands, and 
arable lands and is located in a low mountain range, resulting in an 
elevation difference of 566 m across the area. Within this landscape, we 
conducted measurements of soil respiration and its drivers (including 
soil temperature, soil moisture, SOC stocks, C/N ratio, pH, bulk density, 
and water holding capacity) at 166 locations distributed over one 
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year. The measurements were complemented with data describing the 
landscape characteristics such as land use type, slope, topographic 
wetness index, vegetation vitality, and vegetation change. Using this 
dataset, we aim to analyse the influence of the drivers shaping the 
spatio-temporal patterns of soil respiration across a landscape. For this 
purpose, we (1) develop a model to predict and explain soil respiration. 
By predicting soil respiration with a target resolution of 10 m and 1 h 
for the study area, we (2) investigate the variability of soil respiration 
in a heterogeneous landscape. Since there is still little knowledge about 
the drivers of the spatio-temporal patterns of soil respiration on the 
landscape scale, we (3) determine the most important predictors of 
soil respiration and analyse the contribution of all predictors on soil 
respiration within the study area by applying interpretable machine 
learning methods.

2. Methods

2.1. Study area

The study area covers 400 km2 of a low mountain range land-
scape, the Fichtelgebirge mountains in Germany (Fig.  1). The extent 
of the squared area is defined by the coordinates: 11.72◦E – 11.99◦E, 
50.05◦N – 50.24◦N. A granite mountain range stretches diagonally from 
south-west to north-east through the study area, having its highest 
point at an elevation of 1034 m a.s.l.. While the mountain range is 
used for forest cultivation, the lower plains with the lowest point at 
468 m a.s.l. are characterised by a mixture of arable land and grasslands 
including small forest patches. A large part of the study area is covered 
by terrestrial soils such as Cambisols and Cambic Podzols. There are 
also semi-terrestrial and stagnic soils such as Gleysols and Stagnosols 
(FAO; Bayerisches Landesamt für Umwelt, 2020). The main soil texture 
in the study area is loam (FAO). The spatial distribution of land use 
type, aggregated soil group, and elevation within the study area is 
shown in Baumberger et al. (2024). The study area has a temperate 
climate with a mean annual temperature of 6.5◦C and an annual 
precipitation sum of 1064 mm, measured in the centre of the study 
area for the period from 2001 to 2010 (Foken, 2017).

2.2. Soil respiration measurements

2.2.1. Sampling design
To capture soil respiration on a landscape scale, we measured soil 

respiration on grasslands, arable land, and forests throughout the study 
area. From December 2021 to December 2022, we conducted 191 
soil respiration measurements at different times of a day and across 
the different seasons of the year and thus under a variety of weather 
conditions (Figs.  1 and 4). Repeated measurements were taken at nine 
sites (one in each season), while all other sites were measured only 
once, resulting in a total of 166 different measurement sites. The mea-
surements were divided approximately equally between the 3 different 
land use types in the study area: forest (n = 64), grassland (n = 53), 
and arable land (n = 74). For the selection of a measurement site, it was 
essential that the surrounding area exhibited sufficient homogeneity to 
ensure that the site represented the characteristics of a 10 m × 10 m 
satellite pixel (see Section 2.3). The spatio-temporal soil respiration 
measurements were part of a more extensive measurement campaign, 
the Carbon4D project, founded by the German Research Foundation 
(project number 455085607). Due to different objectives in the project, 
the measurements followed two different sampling designs (indicated 
in Fig.  1 by different coloured dots):

• Sampling design ‘‘SR + SP + SC’’: 91 measurement sites were 
selected by the sampling design ‘‘SR + SP + SC’’ (cf. Fig.  1), 
where the abbreviations refer to: SR = soil respiration measure-
ment, SP = soil probes for soil temperature and soil moisture 
measurement, and SC = extraction of soil cores. In this sampling 
3 
campaign, we subdivided the square study area into an 8 × 8 grid 
and randomly selected a grid cell. Within the grid cell, we selected 
a location of a previously defined land use type (forest, grassland, 
or arable land) based on accessibility and permission to access. 
Only terrestrial soils were considered in this sampling design 
(i.e., soils with fluvial or groundwater influence were excluded). 
Almost every week, one random plot within each of all three land 
use types was selected. We further chose three fixed measurement 
sites per land use to obtain temporal replicates by measuring soil 
respiration and predictors in each season of the year at the same 
location.

• Sampling design ‘‘SR + SP’’: The data were complemented with 
75 measurements from a second parallel running sampling de-
sign. Here, only soil respiration measurements (SR) and soil tem-
perature and soil moisture measurements with soil probes (SP) 
were conducted. To take samples following the sampling de-
sign ‘‘SR + SP’’ (cf. Fig.  1), we categorised environmental soil 
classes for stratification. Environmental soil classes describe the 
landscape through a combination of land use, aggregated soil 
group, and soil texture (cf. N. Meyer et al., 2018; Baumberger 
et al., 2024). By taking a stratified random sample across the 
environmental soil classes, we endeavoured that the selected 
measurement sites represent the distribution of land use and soil 
properties in the study area.

• Sampling design ‘‘SR’’: In addition to the spatio-temporally 
distributed soil respiration measurements, we also used a data 
set of soil respiration measurements (SR; Muhr and Borken, 2009) 
that contained measurements from one single location at different 
points in time (sampling design ‘‘SR’’ in Fig.  1). 60 measurements 
were taken between 2007 and 2011 in the centre of our study 
area (coordinates: 50.14◦N, 11.87◦E). The site is located at an 
elevation of 770 m a.s.l. in a coniferous forest dominated by the 
species Picea abies. The soil is classified as Haplic Podzol with a 
sandy loam texture (Schulze et al., 2009). As the soil respiration 
measurements were conducted at one site, differences in mea-
surements were therefore not influenced by changing site-specific 
characteristics but only by seasons and weather conditions.

2.2.2. Closed chamber measurements
We measured soil respiration with portable closed chamber mea-

surements, using the same methods and instrumentation that were 
previously used in several studies such as Muhr and Borken (2009) and 
Muhr et al. (2009). Using this method, the CO2 efflux at the soil surface 
is captured, which is composed of heterotrophic respiration and au-
totrophic respiration. For closed chamber measurements, the following 
procedure was implemented at each of the 166 measurement sites: A 
PVC collar was pushed into the soil until it was firmly sealed. The PVC 
collar had an inner diameter of 0.47 m with a corresponding volume 
of 0.037 ± 0.007 m3 (varying volumes due to different installation 
heights). We removed above-ground biomass to avoid an influence of 
the plants during the measurement. The installation of the PVC collar 
and the biomass removal was done 30 min before the actual measure-
ment. In previous experiments, we showed that there is no significant 
difference when placing the chamber 24 h as compared to 30 min 
before the measurement, indicating that 30 min after the placement 
of the PVC collar no installation-related effects occur. To start the soil 
respiration measurement, a PVC lid connected to a portable Infrared 
Gas Analyser (LI-820, LI-COR, Nebraska, USA) was placed onto the 
collar. To ensures the mixing of air, a waiting period of 30 s was applied 
before the measurement was initiated. The air circulated with a flow 
rate of 0.5 l/min between the chamber and the Infrared Gas Analyser, 
while a logger recorded the increasing CO2 concentration every 10 s 
for 5 min. We repeated the CO2 measurements 3 times at the same 
location. Between each measurement, the lid was removed for at least 
two minutes. In addition, we measured head space temperature, soil 
temperature in the top 10 cm of the soil, and atmospheric pressure.
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Fig. 1. Measurement sites in the study area (coordinates: 11.72◦E – 11.99◦E, 
50.05◦N – 50.24◦N) indicated on the RGB Sentinel-2 image from the 25th 
July 2022. Soil respiration was measured following three different sampling 
designs, indicated by different colours. Explanation of abbreviations: SR = soil 
respiration measurements, SP = soil probe measurement for soil temperature 
and soil moisture, SC = extraction of soil cores. Squares indicate measurement 
sites with temporal replicates (up to 4 for the yellow dots and 60 for the green 
dot).

The soil CO2 efflux in mg C m−2 h−1 was calculated with a linear 
regression of the CO2 concentration over time (𝛥𝑐∕𝛥𝑡), using the molec-
ular weight of carbon (𝑀𝑖), the chamber volume (𝑉 ), the soil surface 
area (𝐴), the head space temperature (𝑇 ) and the atmospheric pressure 
(𝑃 ): 
CO2 efflux = 𝛥𝑐

𝛥𝑡
⋅
𝑉
𝐴

⋅
𝑃

(8.314 ⋅ 𝑇 )
⋅𝑀𝑖 (1)

For further analysis, only measurements with an R2 > 0.5 were 
considered and the mean CO2 efflux of the replicates was calculated.

2.3. Predictor variables

Predictor variables were used to explain and model soil respi-
ration on the landscape scale. For spatial modelling, the predictor 
variables had to be available as raster data. We aimed at using a 
spatial resolution of 10 m in order to capture important structures in 
the landscape. When combining the chamber measurements with all 
predictor data, we used the Sentinel-2 satellite grid as a basis and 
extracted the values of the predictor variables of the corresponding 
10 m × 10 m pixels. Likewise, each soil respiration measurement 
represented one entire pixel by selecting a representative measurement 
point. If the predictors were used exclusively to explain relationships, 
point measurements were sufficient. The predictor data in this study 
consisted of (1) point measurements associated with the soil respiration 
measurements (Section 2.3.1), (2) raster products modelled from these 
point measurements (Section 2.3.2) and (3) generally available raster 
products such as soil maps and satellite images (Section 2.3.3).

2.3.1. Measurements of predictor variables
At all measurement sites, except the long-term soil respiration mea-

surement in the centre of our study area, we measured depth-resolved 
soil temperature and volumetric soil moisture with soil probes (Drill 
& Drop Probe RS232, Sentek Technologies, Australia). The soil probes 
have a length of 90 cm and measure soil temperature and soil moisture 
4 
in 10 cm segments. Additional information on these measurements can 
be found in Baumberger et al. (2024). For all of the measurement 
sites in the ‘‘SR + SP + SC’’ sampling approach, we additionally took 
1 m deep soil cores with 8 cm diameter. We extracted them with 
a percussion drill (Cobra, Atlas Copco, Sweden) within a maximum 
distance of 3 m to the chamber. We divided these cores into 10 cm seg-
ments and further analysed them in the laboratory. We determined the 
water holding capacity (WHC), gravimetric water content, pH(H2O), 
bulk density as well as carbon and nitrogen content of the samples. 
We calculated the C/N ratio, as well as the SOC stocks, based on the 
measured carbon content, nitrogen content, and bulk density (Haas 
et al., 2026). We used the gravimetric water content and the WHC 
to estimate the percentage of water holding capacity reached in each 
sample at the time of sampling (in the following referred to as % WHC).

As soil respiration represents the sum of CO2 released from all 
depths and transported upward to the surface, the soil conditions in 
deeper soil layers may also have an influence on soil respiration. 
Therefore, we included soil temperature, soil moisture, and SOC stocks 
from different depths. We aggregated the depth-resolved soil temper-
ature, soil moisture, and SOC stocks into soil surface (0–10 cm for 
grasslands and arable land; organic layer in forests) and lower topsoil 
(10–30 cm for grasslands and arable land; 0–30 cm in forests). In 
forests, the organic layer in most cases had a thickness of 10 cm. 
Soil temperatures and soil moisture were averaged vertically, and SOC 
stocks were summed vertically. For C/N ratio, bulk density, % WHC, 
and pH we used the measurements from the upper 10 cm of the soil.

2.3.2. Spatially interpolated predictor variables
For spatial prediction of soil respiration, the availability of spatially 

continuous predictor data is required (cf. Fig.  2 and Table  1). Soil 
temperature, soil moisture, and SOC stocks are three of the most im-
portant predictors (Curiel Yuste et al., 2007). As part of the Carbon4D 
research project, machine learning models for spatial predictions of 
soil temperature, soil moisture, and SOC stocks were developed based 
on their point measurements (described in Section 2.3.1; Baumberger 
et al., 2024; Haas et al., 2026). The models predict soil temperature 
and soil moisture for the entire study area with a spatial resolution of 
10 m and a temporal resolution of 1 h, as well as SOC stocks with a 
spatial resolution of 10 m. The model performance evaluation showed 
an RMSE of 1.22◦C and an R2 of 0.95 for soil temperature predictions, 
an RMSE of 5.98% and an R2 of 0.47 for soil moisture predictions, and 
an RMSE of 7.61 t/ha and an R2 of 0.78 for predictions of SOC stocks 
(Baumberger et al., 2024; Haas et al., 2026).

Even though the models for soil respiration in this study (see 
Section 2.5.1) were trained directly with measurement data of soil tem-
perature, soil moisture, and SOC stocks, data gaps in the measurement 
data were filled by the respective machine learning model. For SOC 
stocks, measurement data only existed where soil cores were taken, 
and soil temperature and soil moisture contain some data gaps due to 
incomplete installation of the soil probes. For the 166 measurement 
sites, 5%–25% of the soil temperature and soil moisture data needed 
to be modelled depending on the depths and for the SOC stocks 40% 
of the data were missing and needed to be filled.

2.3.3. Spatially available predictor variables
We further used land use types, topographic information, and satel-

lite images as spatially continuous predictor variables. The land use 
type was determined based on a map of the actual use (Bayerische Ver-
messungsverwaltung, 2020c) and the soil estimation (Bayerische Ver-
messungsverwaltung, 2020a), which we used to separate arable land 
and grasslands. We used further predictors describing the relief of the 
landscape, by processing the digital elevation model (Bayerische Ver-
messungsverwaltung, 2020b). The slope was calculated from the ele-
vation differences in the digital elevation model. Based on the digital 
elevation model, information on relief-related run-off and soil moisture 
can be described by the topographic wetness index (TWI). The TWI was 
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Fig. 2. Sketch of the workflow of the spatial prediction of soil respiration. Measured reference data of soil temperature, soil moisture and SOC stocks were each 
combined with their predictor variables in a machine learning model. The models were used to predict soil temperature, soil moisture and SOC stocks in space, 
depth and time (details described in Baumberger et al., 2024 and Haas et al., 2026). Reference data of soil respiration and its predictor variables were used in 
a subsequent machine learning model to learn the relationships. Here, conditions of deeper soil depths were also considered, as soil respiration at the surface is 
product of the entire soil profile. The soil respiration model was applied to the spatial raster data of the predictor variables, including the spatial predictions of 
soil temperature, soil moisture and SOC stocks, to predict soil respiration in space and time.
Table 1
Predictor variables of soil respiration used in this study. The differentiation between point data and raster data indicates whether the respective variable was 
available at the measurement sites only or spatially continuos in the study area. In the point data column, indicates x in-situ and laboratory measurements and 
(x) extracted values from raster products. In the raster data column, indicates x the raster products and (x) spatially modelled raster data sets. The source of the 
data products is also given. Explanation of abbreviations: SOC = soil organic carbon, % WHC = percent of water holding capacity, TWI = topographic wetness 
index, NDVI = Normalised Difference Vegetation Index.
 Predictor Point data Raster data Source of raster data  
 Soil temperature (0–10 cm) x (x) Baumberger et al. (2024)  
 Soil temperature (10–30 cm) x (x) Baumberger et al. (2024)  
 Soil moisture (0–10 cm) x (x) Baumberger et al. (2024)  
 Soil moisture (10–30 cm) x (x) Baumberger et al. (2024)  
 SOC stocks (0–10 cm) x (x) Haas et al. (2026)  
 SOC stocks (10–30 cm) x (x) Haas et al. (2026)  
 C/N ratio (0–10 cm) x  
 pH(H2O) (0–10 cm) x  
 % WHC (0–10 cm) x  
 Bulk density (0–10 cm) x  
 Slope (x) x DEM from Geobasisdaten: Bayerische Vermessungsverwaltung (2020b)  
 TWI (x) x DEM from Geobasisdaten: Bayerische Vermessungsverwaltung (2020b)  
 NDVI (x) x Remote sensing data from Sentinel-2  
 Vegetation change (x) x Remote sensing data from Sentinel-2  
 Land use type (x) x Land use from Geobasisdaten: Bayerische Vermessungsverwaltung (2020c) and  
 soil evaluation from Geobasisdaten: Bayerische Vermessungsverwaltung (2020a) 
calculated using the slope in radians (𝑆) and the upland contributing 
area (𝐴; Sørensen et al., 2006): 

TWI = ln 𝐴
tan(S) (2)

To obtain spatio-temporal information on vegetation cover (density 
and vitality of the vegetation), we calculated the Normalised Difference 
Vegetation Index (NDVI) from the spectral bands of the Sentinel-2 
satellite. The Sentinel-2 satellite data have a spatial resolution of 10 m 
and a temporal resolution of 5 days (ESA, 2015). The NDVI was 
5 
calculated from the near-infrared (NIR) and red (RED) band (Carlson 
and Ripley, 1997): 

NDVI = NIR − RED
NIR + RED (3)

The technical implementation for calculating the NDVI over the year 
2021 and 2022 was carried out in Google Earth Engine (Gorelick 
et al., 2017). Within this period, all satellite images were compiled 
and the clouds were masked. The Sentinel-2 scenes were then linearly 
interpolated in space and time in R (R Core Team, 2024) to create gap-
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free time series in daily resolution. In addition, we described the change 
in vegetation over a period of two weeks, by calculating the difference 
between the NDVI at the time of the chamber measurement and the 
NDVI two weeks earlier.

2.4. Effect of landscape heterogeneity on temperature dependence of soil 
respiration

As temperature is known to be a key predictor of soil respiration 
(Lloyd and Taylor, 1994), we first investigated the effect of landscape 
heterogeneity on the temperature dependence of soil respiration. For 
this purpose, subsets of the previously described data sets were anal-
ysed and compared between different levels of heterogeneity. Specifi-
cally, our objective was to assess in which extend the variance in the 
soil respiration – soil temperature relationship could be explained by 
temperature alone in relation to overall landscape heterogeneity.

We described landscape heterogeneity based on the number of 
different land use types and the number of different measurement sites. 
Each data set contained a subset of 60 measurements from different 
seasons of the year. Data were taken at the following locations for the 
following purposes:

• Single forest measurement site: The data set with low hetero-
geneity of the landscape contained multiple measurements from 
a single forest site in the centre of the study area.

• Multiple forest measurement sites: To represent a medium het-
erogeneity of the landscape, we used measurements from different 
forest sites in the study area.

• Multiple land use types measurement sites: The highest het-
erogeneity of the landscape is represented by measurements from 
all land use types randomly distributed in the study area.

We modelled the temperature dependency of soil respiration for 
the three data sets. The relationship between soil respiration (SR) and 
temperature (𝑇 ) was described by an exponential function with two 
fitting parameters (a and b; cf. N. Meyer et al., 2018): 

SR𝑇 = 𝑎 exp(𝑏𝑇 ) (4)

To determine the proportion of explained variance, the coefficient 
of determination R2 was calculated. Additionally, the 𝑝-value was 
calculated to evaluate the statistical significance of the exponential 
relationship between soil respiration and temperature. The Q10 value 
describes the relative increase in soil respiration with a temperature 
increase of 10◦C and can be determined by the following equation: 

Q10 = exp(10𝑏) (5)

2.5. Soil respiration modelling and interpretation

To explain and model the relationship between soil respiration and 
its potential predictors (Table  1), we trained random forest models (Sec-
tions 2.5.1 and 2.5.2). The models had two different purposes: Firstly, 
we aimed at using the model to make spatio-temporal predictions based 
on all predictors available as raster data (Section 2.5.3). Secondly, our 
objective was to use the model to analyse the relationship between soil 
respiration and all potential predictors, including the predictors which 
were only available as point measurements. A comparison of the models 
should provide information on whether omitting of soil parameters 
that were not available as raster data lead to a loss of information 
in the spatio-temporal modelling. Combining spatial predictions and 
interpretable machine learning methods, we analysed soil respiration 
patterns on a landscape scale (Section 2.5.4).
6 
2.5.1. Random forest models
The predictors for soil respiration modelling were selected based on 

their process-related relevance and their spatial availability to ensure 
that all predictors have a direct potential explanatory power with 
respect to soil respiration (Table  1). We created three data sets from 
the soil respiration measurements and the corresponding predictors and 
trained three random forest models (Breiman, 2001), (1) to spatio-
temporally predict soil respiration, (2) to describe the relationships 
between soil respiration and all potential predictor variables and (3) 
to separate the effect of the number of measurements and the number 
of predictors. The three models were trained with the following data 
sets:

1. Model for spatial prediction: This model included 191 soil 
respiration measurements combined with the 11 spatially con-
tinuously predictors (cf. Table  1; raster data).

2. Model including all predictors: This model was based on 116 
soil respiration measurements combined with the 15 potentially 
important predictors (cf. Table  1; point data). It contained the 
4 additional predictors % WHC, C/N ratio, bulk density and pH 
but less training data.

3. Model for separating effects: This model included the 116 soil 
respiration measurements from model 2 combined with the 11 
spatially continuously predictors from model 1.

Comparing the three models should reveal whether they learnt 
similar relationships, how the amount of data affects the prediction 
performance, and whether omitting soil core data leads to a loss of 
relevant information.

Technically, the models were built in R (R Core Team, 2024), using 
the implementation in the ranger package (Wright and Ziegler, 2017) 
which was accessed via the caret framework (Kuhn, 2008).

2.5.2. Model tuning and validation
For model tuning and validation, we used a nested repeated cross-

validation with an external test set. The models were trained based on 
the training data, tuned using the validation data, and independently 
evaluated using the test set. For the test set, only data shared across all 
data sets was used, to ensure the comparability between the models. 
We first divided these 116 soil respiration measurements and predictors 
into three folds by temporal stratification, i.e., each fold contained data 
taken throughout the year. However, for measurement sites with re-
peated measurements, all data were assigned to the same fold to avoid 
testing the predictive power of the model for the same spatial locations 
(cf. H. Meyer et al., 2018). Further soil respiration measurements with 
associated predictors, which were included in only one of the data sets, 
were assigned to the training data of the respective model. This data 
split ensured that the training and test sets never contained the same 
locations or the same time points. The same procedure was applied to 
the cross-validation splits. Models were then trained by always leaving 
one of the three test sets out and tuning the models on the remaining 
data. For hyperparameter tuning, the respective data were divided into 
4 (model with N = 116) or 8 (model with N = 191) spatial folds. This 
procedure was repeated 10 times to get stable information on the ideal 
hyperparameter values. The hyperparameters were searched using the 
root mean squared error (RMSE) as a performance measure. For the 
number of predictors randomly selected at each split (mtry), we tested 
all values from 2 to 11 or 15 depending on the number of predictors in 
the model. For the minimum node size, we tested for values 5, 10, 15, 
20 and 25. We trained all models with a fixed number of 100 trees. The 
coefficient of determination R2 and the RMSE served as performance 
measures. To estimate the test error and the cross-validation error, 
the average performance was calculated over all iterations. The final 
models for model interpretation and spatial prediction were trained on 
the basis of the entire data set. The hyperparameters that were selected 
most frequently during cross-validation were used for these models 
(mtry = 2 and min node size = 5 for the model including all predictors 
and the model for separating effects; mtry = 3 and min node size = 5 
for the model for spatial prediction).
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2.5.3. Model prediction
For the spatio-temporal prediction of soil respiration, the model 

for spatial prediction (model 1) was applied to the 10 m resolution 
raster data of all 11 spatial predictors (Fig.  2). Since the predictors soil 
temperature, soil moisture and SOC stocks were modelled products (cf. 
Section 2.3.2), the error of the modelled products propagated to the 
spatial prediction of soil respiration. To estimate the error propagation, 
we calculated the predictive performance of the trained model on the 
test set which (1) contained the measured data of soil temperature, 
soil moisture and SOC stocks and (2) contained the modelled data of 
soil temperature, soil moisture and SOC stocks. The difference between 
these calculated errors was used to describe the error propagation.

Predictions were possible with a temporal resolution of one hour 
following the temporal resolution of soil temperature and soil moisture 
model. We applied the model to 8 time points per month within the 
year 2022 selected via temporal stratification and calculated monthly 
means. We calculated pixel-wise monthly summary statistics (means, 
minimum, maximum, standard deviation, and range) of soil respiration 
from the 8 dates per month. For each prediction, we determined the 
area of applicability (Meyer and Pebesma, 2021) using the implemen-
tation from the CAST package (Meyer et al., 2026), which allowed us to 
exclude model predictions with a high uncertainty due to extrapolation 
in the predictor space. When averaging spatial predictions of soil respi-
ration, pixels were marked as outside of the area of applicability when 
≥50% of the spatial predictions were outside of the area of applicability 
in the respective pixel.

2.5.4. Interpretation of the model and the spatial predictions
To analyse the relationships learnt by the models, we calculated 

the partial dependency between soil respiration and each predictor 
separately. Partial dependency indicates how an individual predictor 
influences the result of the random forest model while all other predic-
tors are kept constant (Molnar, 2022). Since the spatial patterns of soil 
respiration result from the specific landscape characteristic, we used 
Shapley additive explanation to analyse the spatio-temporal influence 
of all predictor variables. Shapley additive explanation measures the 
marginal contribution of each predictor to a model prediction. The 
influence of a variable is calculated by the difference between the 
predictions with and without this variable, while taking into account all 
possible orders and combinations of the other variables (Molnar, 2022). 
We calculated the absolute predictor importance based on Shapley 
additive explanation, which describes the magnitude of the attribu-
tion of each predictor. Furthermore, we investigated the pixel-wise 
contribution of all 11 predictors. Due to computational costs, we re-
duced the number of pixels from 4 million to 400,000 by resampling 
equidistantly. For each predictor, we determined whether the predictor 
increased or decreased soil respiration for a respective pixel compared 
to the mean of all predictions. The sum of the positive and negative 
effects of all predictors led to the final prediction of soil respiration.

3. Results

3.1. Influence of landscape heterogeneity on temperature dependence of soil 
respiration

The comparison of the temperature dependency of soil respiration in 
relation to the heterogeneity of the landscape (represented by multiple 
measurements from one location, measurements from different forest 
sites, and measurements from a diverse landscape including forests, 
grasslands, and arable land) showed that soil respiration increased 
significantly (𝑝 < 0.001) with increasing temperatures, regardless of the 
heterogeneity of the landscape (Fig.  3). However, the explainability of 
soil respiration by soil temperature decreased with increasing hetero-
geneity of the landscape: Soil respiration taken at a single site could 
be explained with an R2 of 0.80. The proportion of explained variance 
decreased to an R2 of 0.49 for different forest sites and to an R2 of 
0.22 for the heterogeneous landscape including forests, grasslands and 
arable land, hence the entire study area of this project.
7 
3.2. Land use effect on soil respiration

Within the study area, the landscape is characterised by the different 
land use types. Since nearly all soil respiration measurements were 
taken at different sites, there was a great variability over the course 
of the year even within each land use type. As expected, higher soil 
respiration was measured in summer compared to winter in all land use 
types (Fig.  4). Grassland sites showed higher soil respiration on average 
(156 mg C m−2 h−1) than forests (96 mg C m−2 h−1) and arable land 
(77 mg C m−2 h−1). The highest CO2 effluxes (over 300 mg C m−2 h−1) 
were measured primarily on grassland sites. Soil respiration measure-
ments on grasslands also had the largest variability in summer. Within 
each land use type, the differences between sites were smallest in 
winter (Fig.  4).

The predictors used to explain soil respiration (cf. Table  1) were in 
some cases strongly influenced by land use type (as indicated by distinct 
value ranges of some predictors within each land use type), which led 
to dependencies between predictors (Fig.  A.1). Forests differed clearly 
from grasslands and arable land in terms of several soil properties such 
as C/N ratio, bulk density, and pH (Fig.  A.1h, i and j). Forests also 
exhibited higher SOC stocks than grasslands and arable land in the top 
10 cm and at a depths-level from 10 to 30 cm, but also SOC stocks 
comparable to those of the other land use types (Fig.  A.1f and g). 
Grassland and arable land generally exhibited a very similar range of 
values for the predictor variables, however, the CO2 efflux was higher 
on grassland than on arable land (Fig.  A.1). The relationship between 
vegetation cover, as represented by NDVI, and soil respiration varied 
clearly between grassland and arable land: High soil respiration often 
occurred at sites with particularly high NDVI (mainly grassland), and 
low soil respiration occurred at sites with low NDVI (mainly arable 
land; Fig.  A.1l). Also the temperature sensitivity of soil respiration 
varied across land use types (Q10 (forest) = 2.6, Q10 (grassland) = 2.2, 
Q10 (arable land) = 1.6; Fig.  A.2).

Particularly in heterogeneous landscapes, a single predictor or even 
a combination of two predictors is insufficient to adequately describe 
the variability in soil respiration, suggesting that a combination of all 
predictors may be necessary for reliable modelling of soil respiration.

3.3. Random forest models for incorporating multiple drivers of soil respi-
ration

Taking all 15 potential predictors in the random forest model into 
account, soil respiration was modelled with an R2 of 0.35 and an RMSE 
of 61 mg C m−2 h−1. The evaluation of the model showed that the 
exclusion of spatially unavailable variables (% WHC, C/N ratio, bulk 
density and pH) in the model for spatial prediction had no negative 
effect on the predictability of the model. The model trained with 
the purpose of spatio-temporal prediction of soil respiration had a 
model performance of R2 = 0.39 and RMSE = 61 mg C m−2 h−1 (Table 
2). Since the model was trained with the measurement data of soil 
temperature, soil moisture and SOC stocks, the error propagation when 
predicting soil respiration using the modelled soil temperature, soil 
moisture and SOC stocks had to be considered. Here, a predictive per-
formance of R2 = 0.37 and RMSE = 63 mg C m−2 h−1 was calculated, 
representing the model performance for the spatial predictions.

3.4. Drivers of soil respiration on a landscape scale

The relationships between soil respiration and its predictors learnt 
in the models can be explored with partial dependency. In both models, 
similar relationships were learnt (Fig.  5). The soil temperature at a 
depth of 0–10 cm had the strongest effect on soil respiration indicated 
by its positive relationship on a wide range of soil respiration values 
(Fig.  5a) and a high importance based on Shapley additive explanation 
(Table  3). The models also learnt a positive relationship between soil 
respiration and soil temperature in a soil depth of 10–30 cm (Fig. 
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Fig. 3. Dependence of soil respiration on soil temperature for different levels of heterogeneity of the landscape. The heterogeneity is increasing from a to c and 
is represented by a measurements from a single location in the forest, b measurements from different sites in forest area and c measurements from grassland, 
arable land and forest sites. For better comparability, 60 measurements from each of the three datasets were randomly selected. The relationship is modelled by 
an exponential function. Q10 values represent the relative increase of soil respiration with a 10◦C increase in temperature.
Fig. 4. Temporal course of measured soil respiration at different locations. The colours indicate the land use type. A mean temporal course of the soil respiration 
per land use type was estimated with locally estimated smoothing.
Table 2
Model performance metrics for different soil respiration model approaches. The columns compare the three model variants where each model is based on different 
numbers of measurement site and predictors.
 Model (1) Model for spatial prediction (2) Model including all predictors (3) Model for separating effects
 n measurement sites 166 91 91
 n measurements 191 116 116
 n predictors 11 15 11

 Error metrics R2 RSME R2 RSME R2 RSME  
 Cross-validation error 0.44 ± 0.05 80 ± 3 0.36 ± 0.12 58 ± 3 0.37 ± 0.12 57 ± 4 
 Test error 0.39 ± 0.19 61 ± 9 0.35 ± 0.08 61 ± 5 0.37 ± 0.07 60 ± 4 
5b). In both depths, there was a sudden increase in soil respiration at 
soil temperatures of approximately 10◦C (Fig.  5a and b). In addition, 
NDVI, as a proxy of vegetation density and vitality, had a major 
influence on soil respiration in the models. Soil respiration increased 
with increasing NDVI (Fig.  5l). For the change in vegetation, described 
by the difference in NDVI over a two-week period, both models showed 
an increase in CO2 efflux when the vegetation was in a growth phase 
(Fig.  5m). Soil moisture (measured as volumetric water content) had 
only a minor effect on soil respiration in the models. A slight increase 
8 
in soil respiration was observed in response to increased soil moisture 
in both models and for both soil depths. Particularly high soil moisture 
at a depth of 10–30 cm led to an increase in soil respiration (Fig.  5c 
and d). When soil moisture was considered in relation to the maximum 
water-holding capacity of the sites (which was also determined at the 
locations where the soil cores were collected), the partial dependency 
showed a negative relationship (Fig.  5e). Increasing SOC stocks by up 
to 60 t/ha in the upper 10 cm of the soil led to higher soil respiration 
predictions (Fig.  5f). SOC stocks in 10–30 cm soil depth showed minor 
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Table 3
SHAP feature importance for the predictor variables in the model for spatial 
prediction and in the model including all predictors. The SHAP feature impor-
tance describes the magnitude of the attribution of each predictor (Molnar, 
2022). Explanation of abbreviations: SOC = soil organic carbon, % WHC =
percent of water holding capacity, TWI = topographic wetness index, NDVI =
Normalised Difference Vegetation Index.
 Predictor Importance Importance  
 in model for spatial 

prediction
in model including all 
predictors

 

 Soil temperature (0–10 cm) 37.8 11.4  
 Soil temperature (10–30 cm) 17.0 10.7  
 Soil moisture (0–10 cm) 3.96 1.02  
 Soil moisture (10–30 cm) 2.80 3.16  
 SOC stocks (0–10 cm) 8.51 5.35  
 SOC stocks (10–30 cm) 1.67 3.10  
 C/N ratio (0–10 cm) x 1.29  
 pH(H2O) (0–10 cm) x 1.06  
 % WHC (0–10 cm) x 9.77  
 Bulk density (0–10 cm) x 5.91  
 Land use type 2.04 4.07  
 Slope 2.65 0.97  
 TWI 3.27 1.73  
 NDVI 4.69 1.56  
 Vegetation change 3.90 2.36  

effects on soil respiration (Fig.  5g). The topography was described by 
the TWI and the slope. Focussing on the range of predictor values 
supported by many measurements, a positive relationship between soil 
respiration and TWI occurred (Fig.  5n). Higher soil respiration was 
expected for low slopes (which typically occur in valleys; Fig.  5o). 
Similarly as in the measurement data, both models indicate that on 
grasslands, the CO2 efflux tended to be higher on average, while on 
arable land the CO2 efflux tended to be lower on average (Figs.  A.1k 
and 5k). The C/N ratio, bulk density, pH and % WHC, were only used 
in the model including all potential predictors of soil respiration. The 
pH showed no effect on soil respiration and very low C/N ratio had 
a slightly positive effect on soil respiration. For lower bulk density, 
slightly higher soil respiration could be expected (Fig.  5h, i and j). 
However, these soil properties were highly dependent on the land use 
type (Fig.  A.1e, h, i and j).

3.5. Spatio-temporal patterns of soil respiration

In our spatio-temporal model predictions (Fig.  6), the monthly mean 
soil respiration exhibited an annual cycle with a lower CO2 efflux in 
the winter months and a higher CO2 efflux in the summer months. 
Spatial variations were especially pronounced in summer, whereas in 
the winter months, only minimal spatial variations were recognisable. 
At all times of the year, a homogeneous soil respiration pattern emerged 
along the mountain ridge, which stretches diagonally from south-west 
to north-east. The remaining areas of the study site were characterised 
by heterogeneous patches with variations in soil respiration. In June, 
predictions in some areas were excluded due to high uncertainty, 
leading to the smallest area of applicability compared to the other 
months. In general, only a few predictions were outside the area of 
applicability (Fig.  6).

The highest mean soil respiration of 177 mg C m−2 h−1 was pre-
dicted in June. The maximum soil respiration of 496 mg C m−2 h−1
was predicted on one day in August. Within one month and across 
the entire study area, soil respiration exhibited strong spatial and 
temporal variations. The largest spatial variations (i.e., the difference 
in soil respiration in the study area at one single time point) were 
predicted in June, with a range of 415 mg C m−2 h−1. Also during 
winter spatial variations occurred, e.g., in December, spatial variations 
of 130 mg C m−2 h−1 were still predicted (Table  4).
9 
3.6. Explanation of spatio-temporal soil respiration patterns

To study the spatial patterns of soil respiration, we analysed the 
predictions for three exemplary dates in more detail. The prediction 
from January 15th, 12 pm was characterised by a homogeneous low 
soil respiration, the prediction from May 15th, 12 pm showed pro-
nounced spatial differences and the prediction from September 15th, 
12 pm showed a high but spatially homogeneous soil respiration (Figs. 
7 and 8). Using Shapley additive explanation, we determined the pixel-
wise contribution of all predictors to the respective prediction of soil 
respiration. For the three selected dates, all predictors had an influence 
on the spatial patterns of soil respiration, whereas the strength of the 
influence differed. The positive or negative contribution of the predic-
tors to soil respiration was evaluated relative to the mean predicted soil 
respiration of 106.5 mg C m−2 h−1.

Soil temperature had a strong influence on soil respiration over the 
entire study area. Spatio-temporal patterns were similar in 0–10 cm 
and 10–30 cm soil depth. In January, the soil temperature at both 
depths was very homogeneous with spatial temperature differences 
of approximately 3◦C. The low temperatures between 0◦C and 3◦C 
had a negative influence on soil respiration throughout the study 
area. In May, soil temperature, similar to soil respiration, had strong 
spatial variations. At a soil depth of 0–10 cm, the temperature varied 
between 7◦C and 19◦C and at a soil depth of 10–30 cm, the soil 
temperature varied between 7◦C and 15◦C. High soil temperatures had 
a positive influence on soil respiration, while the lower temperatures 
had a negative influence. Here, the spatial patterns of soil respiration 
strongly followed the patterns of soil temperature. In September, the 
soil temperature in 0–10 cm soil depth varied between 12◦C and 17◦C 
(12◦C and 18◦C in 10–30 cm soil depth). Nevertheless, the positive 
effect on soil respiration was very homogeneous and spatial patterns 
of the contribution of soil temperature to soil respiration were weakly 
pronounced.

Furthermore, NDVI had a strong effect on the spatial patterns of 
soil respiration. While the NDVI in the forest areas (the main part 
of the coniferous forest extends diagonally from south-west to north-
east) was rather low and constant throughout the year, there were 
strong fine-scale variations in the areas with mixed land use in May and 
September. These fine-scale variations also led to fine-scale variations 
in the contribution of NDVI to soil respiration predictions. Generally, 
low NDVI had a negative effect on soil respiration and high NDVI had a 
positive effect on soil respiration. Furthermore, there was a particularly 
strong increase in NDVI in May. This vegetation growth also had a 
positive effect on soil respiration (Fig.  7).

In addition to the temporally dynamic predictors, we also anal-
ysed the influence of predictors that were assumed to be constant 
throughout the year 2022 (Fig.  8). The spatial patterns of predicted 
soil respiration were driven by the spatial distribution of SOC stocks 
at 0–10 cm soil depth. High SOC stocks increased soil respiration, 
while low SOC stocks decreased it. Topography had a strong fine-scale 
effect on the spatial patterns of soil respiration. Areas with a low slope 
and high TWI (valleys) enhanced soil respiration. The valleys were 
predominantly covered by grasslands, which had a positive effect on 
soil respiration. Forest and arable land generally had a negative effect 
on soil respiration.

4. Discussion

4.1. Soil respiration modelling at a landscape scale

We have shown that soil respiration on the plot scale was explained 
up to 80% by soil temperature, while on the landscape scale only 22% 
of the variability in soil respiration was explained by soil temperature 
(Fig.  3). Thus, for the modelling of soil respiration on the landscape 
scale, a variety of predictors was necessary to account for the spatio-
temporal patterns. The inclusion of these spatio-temporal predictors 
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Fig. 5. Partial dependency between soil respiration and all predictor variables in the models. The dark blue colour indicates the results of the model including 
all predictors which is based on 116 measurements and 15 predictors while the turquoise colour indicates the results of the model for spatial predictions which is 
based on 192 measurements and 11 predictors. The rug marks indicate the distribution of the predictor variables. In forests, data of the organic layer is presented 
instead of data from the 0–10 cm mineral soil depth and the lower topsoil is considered to extend from 0–30 cm, replacing the standard 10–30 cm soil depth.
Table 4
Spatio-temporal summary statistics of predicted monthly soil respiration in mg C m−2 h−1, including mean, standard deviation, 
minimum, maximum and range. The range describes the maximum range at a single point in time within a month.
 Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 
 Mean 55 55 64 85 144 177 166 170 146 116 82 56  
 Standard deviation 17 18 16 20 45 51 36 40 34 27 16 16  
 Minimum 11 10 11 14 51 66 76 82 38 47 15 11  
 Maximum 200 181 182 238 353 487 480 496 373 332 198 144 
 Range 164 162 150 185 288 415 388 405 285 247 161 130 
allowed for the explanation of 39% of the variability in soil respiration 
in a heterogeneous landscape (Table  2). This corresponds to an RMSE of 
61 mg C m−2 h−1, which, given the data splitting strategy, also reflects 
the performance of the model in predicting soil respiration at unknown 
time points and unknown locations. Numerous factors could have a 
negative influence on the model performance. However, the small area 
outside the area of applicability in the model predictions indicates that 
the measurements in the study area were conducted at representative 
locations (Fig.  6). Increasing the number of measurement points from 
116 to 191 while using the same set of predictor variables only led to a 
minimal improvement of the model, suggesting that a sufficient number 
of measurements had already been used for model training (Table  2). 
Although we included many relevant predictors, additional drivers may 
still have been required to improve model performance: In particular, 
important drivers such as microbial community composition and micro-
10 
bial biomass, which can only be assessed through extensive laboratory 
analysis, were not included in this study. Furthermore, comprehensive 
spatial information on agricultural management, such as tillage and 
fertilisation, was not available (Luo and Zhou, 2006). Among others 
these drivers could be important for explaining the spatio-temporal 
patterns of soil respiration at the landscape scale. For future work, the 
investigation of means to obtain data on these drivers or appropriate 
proxies in high spatial and temporal resolution is a promising way 
forward.

Soil temperature, SOC stocks, and vegetation cover turned out to be 
strong predictors, explaining a substantial portion of the variability in 
soil respiration (Table  3). Land use type, topography and soil moisture 
also influenced the spatial patterns of soil respiration, although they 
had a weaker influence (Table  3 and Figs.  5, 7 and 8). Further site-
specific soil properties, such as the C/N ratio and pH, showed only 
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Fig. 6. Monthly mean soil respiration for the study area with a size of 20 km × 20 km. A stratified sample of 8 spatial predictions each month was averaged. 
Grey areas indicate areas out of interest. Red areas are outside the area of applicability.
minor effects on soil respiration (Fig.  5). Since the four predictors 
C/N ratio, pH, bulk density, and % WHC were not spatially avail-
able, they were not included in the model for spatial predictions of 
soil respiration. However, these four predictors differed considerably 
between the three land use types (Fig.  A.1). Thus, the predictor land 
use type implicitly contained these information in the model for spatial 
predictions, which needed to be considered when interpreting the 
results. However, the exclusion of these predictors from the spatial 
prediction model did not negatively affect the performance of this 
model (Table  2). Accordingly, the set of spatially available predictors 
(cf. Table  1) proved suitable for modelling soil respiration on the 
landscape scale.

For the spatially continuous prediction of soil respiration, spa-
tially continuous data of the explanatory variables were necessary. 
Although not all predictors are generally available in high resolution, 
our previous studies (Baumberger et al., 2024; Haas et al., 2026) have 
enabled us to ensure that soil temperature, soil moisture and SOC 
stocks were available in the appropriate resolution for our study area. 
The resolution of the spatial model prediction of the target variables 
depends on the spatial resolution of the predictor variables (Fritsch 
et al., 2020). As all predictors that potentially drive spatial variations of 
soil respiration were available with a spatial resolution of 10 m (Table 
1), we also modelled soil respiration with a spatial resolution of 10 m. 
Soil temperature and soil moisture were modelled with a resolution 
of 1 h to capture diurnal changes (Baumberger et al., 2024), which 
enabled us to temporally model soil respiration also with a resolution 
of 1 h. Overall, 10 m in space and 1 h in time was an adequate 
resolution, since we showed short-term temporal variations and fine-
11 
scale spatial variations of soil respiration (Fig.  6). This has enabled us 
to model soil respiration on the landscape scale in a resolution that, to 
our knowledge, has rarely been achieved.

Since the model predictions of soil temperature, soil moisture, and 
SOC stocks were associated with uncertainties (cf. Section 2.3.2), the 
uncertainties of these predictors were propagated into the soil respira-
tion predictions. An assessment of this error propagation showed that 
the R2 decreased by only 0.02 due to the model errors of the predictors 
soil temperature, soil moisture, and SOC stocks. This minor propagation 
error can be attributed to the very high predictive accuracy of the 
soil temperature model, which was the most important predictor of 
soil respiration, while soil moisture, which showed comparatively high 
uncertainty, was a less relevant predictor for soil respiration.

In this study, our goal was not only to make spatial predictions 
using machine learning but also to interpret these predictions to deepen 
our understanding of spatio-temporal soil respiration dynamics and 
their drivers on a landscape scale. However, it must be taken into 
account that the relations learnt by the model were not necessarily 
ecologically causal, since the models were optimised to find patterns 
that best predict the target variable rather than to identify causal 
relationships. Hence, even a high model performance is not a guarantee 
for process-based correctness of relationships between soil respiration 
and its predictors (Murdoch et al., 2019). Wadoux et al. (2020) have 
shown that spatial patterns of a target variable can also be explained 
by unrelated predictors, which can lead to misinterpretation. To avoid 
this and to improve ecological interpretability, we have included only 
predictor variables in the model that are known to potentially have 
an influence from an ecological perspective. The relationships between 
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Fig. 7. Explanation of three different spatial predictions of soil respiration based on the dynamic predictor variables. Predictions were made for the 15th of 
January, 15th of May and 15th of September, each at 12 pm and are shown in the top row. The three columns on the left show the dynamic predictor variables 
for the respective points in time. Alongside, in the three right columns, the predictor contribution based on Shapley additive explanation is shown for the respective 
points in time. The positive (reddish) or negative (bluish) effect refers to a mean value of 106.5 mg C m−2 h−1 (the mean prediction). This figure needs to be 
considered in combination with Fig.  8.
soil respiration and its predictors cannot be derived from the machine 
learning model alone, and interpretation in combination with expert 
knowledge was required. Using partial dependency, we verified the 
relationships learnt in the models, which will be discussed in Sec-
tion 4.2. To explain the patterns of soil respiration within the exemplary 
landscape, Shapley additive explanation was applied, allowing the 
identification of specific spatial patterns which will be further discussed 
in Section 4.3.
12 
4.2. Influence of predictors on soil respiration

It is well known that soil respiration is strongly influenced by soil 
temperature (Lloyd and Taylor, 1994). However, we have seen that this 
effect decreased with increasing heterogeneity of the landscape (Fig.  3) 
and that further predictors were important in predicting the amount of 
CO2 efflux on a landscape scale (Fig.  5). Hibbard et al. (2005) have 
also concluded that soil respiration of individual sites is well explained 
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Fig. 8. Explanation of three different spatial predictions of soil respiration based on the static predictor variables. Predictions were made for the 15th of January, 
15th of May and 15th of September, each at 12 pm and are shown in the top row. The column on the left shows the static predictor variables. Alongside, in 
the three right columns, the predictor contribution based on Shapley additive explanation is shown for the respective points in time. The positive (reddish) or 
negative (bluish) effect refers to a mean value of 106.5 mg C m−2 h−1 (the mean prediction). This figure needs to be considered in combination with Fig.  7.
by soil temperature and soil moisture, but to explain soil respiration 
of multiple sites, information on soil properties and vegetation cover 
increases in relevance. However, we have shown that soil temperature 
remained the most important driver of spatio-temporal patterns of soil 
respiration even in a heterogeneous landscape (Table  3, Figs.  5 and 7).

Since our study was based on field measurements and not on 
controlled laboratory measurements, it is important to consider that 
changes in soil temperature were often accompanied by simultaneous 
changes in soil moisture, making it challenging to isolate the effects 
of both drivers individually. On the other hand, studying soil respi-
ration under real-world conditions allowed accounting for the natural 
interactions and variability of environmental drivers. The year 2022 
in Germany was characterised by a particularly dry summer (DWD, 
2023). Therefore, in the data set, warm conditions were generally 
associated with drought, while cold conditions were associated with 
higher soil moisture. The frequent combination of cold and moist 
conditions was probably also one of the reasons why we did not observe 
a strong effect of soil moisture on soil respiration (Fig.  5c–e). The 
13 
optimal combination of soil moisture and soil temperature conditions 
for microbes, for which we expected the highest soil respiration, rarely 
occurred. Our models indicated only slight variations of soil respiration 
due to soil moisture. When considering soil moisture as volumetric soil 
water content, we observed a slightly positive relationship with soil 
respiration (Fig.  5c and d). However, when relating soil water content 
to the water-holding capacity (%WHC) of a site, it became evident that 
soils tending towards water saturation reduced soil respiration (Fig. 
5e). Usually, soil moisture had been demonstrated to have a small effect 
on soil respiration in a range where soils are neither very dry nor 
wet and only influences soil respiration when either water or oxygen 
limitation occurs (Moyano et al., 2012). Assessments of the effects of 
soil moisture on soil respiration also vary in the literature. For instance, 
Fang and Moncrieff (2001) have reported no significant differences 
in soil respiration under varying soil moisture conditions and further 
studies reported controversial effects of soil moisture on soil respiration 
(Cook and Orchard, 2008; Dörr and Münnich, 1987; Luan et al., 2013).

SOC stocks were the third most important predictor for the spatial 
predictions of soil respiration after soil temperature in the different 



M. Baumberger et al. Geoderma 472 (2026) 117904 
depth intervals, and SOC stocks were also an important predictor in the 
model that included all predictors (Table  3). In both models, a positive 
relationship with soil respiration was observed. This indicates that 
greater SOC stocks are also associated with greater carbon availability, 
providing more substrate that can be decomposed by microorganisms, 
thus leading to higher soil respiration rates. However, SOC stocks 
were strongly influenced by land use, with the highest stocks found 
in forest areas (Fig.  A.1). Here, the litter had a much wider C/N ratio, 
compared to grasslands and arable lands (Fig.  A.1h). Coniferous leaf 
litter decomposes slowly, accumulating in thick organic layers and 
transforming more slowly into stable SOC stocks than litter with a 
narrower C/N ratio (Klein-Raufhake et al., 2025; Prescott, 2010). In 
Bavarian coniferous forests, Wiesmeier et al. (2013) showed that the 
organic layer contains up to 35% of the total SOC.

In this study, the models predicted on average highest soil respi-
ration for grasslands, lower soil respiration for forests, and lowest soil 
respiration for arable land (Fig.  5k). However, forest sites had the high-
est availability of easily degradable organic matter for decomposition 
processes indicated by high SOC stocks (Fig.  A.1f) and a high Q10 value 
(Fig.  A.2). Nevertheless, the soil respiration on grasslands was higher 
than on forest sites. The reason for this was likely that the trees in 
forests buffered the solar radiation and therefore the soil temperature 
reached a lower maximum in forests than on grasslands (Baumberger 
et al., 2024), indicating the strong temperature dependency of soil res-
piration. On arable land, the lowest soil respiration was predicted, even 
though they reached the highest temperatures. The low SOC stocks 
(Fig.  A.1f) and low Q10 value (Fig.  A.2) indicated the lowest substrate 
availability for decomposition processes on arable land. The reason 
for this is frequent tillage and low return of organic residues, which 
is also associated with low contents of soil microorganisms and thus 
lower microbial activity (Poeplau et al., 2020). Thus, a combination 
of high soil respiration potential given by the availability of organic 
material and root biomass as well as high temperature, as on grasslands, 
is required for high soil respiration.

Vegetation cover, described by the NDVI, showed a prominent effect 
in the models. The partial dependency showed a positive relationship 
between the NDVI and soil respiration (Fig.  5l), which indicated that 
soil respiration increased with increasing vegetation density. Reichstein 
et al. (2003) and Hibbard et al. (2005) have also shown that the veg-
etation density is positively related to soil respiration. Although dense 
vegetation can lower soil temperatures, which may reduce temperature-
dependent microbial activity (Fig.  5a), plants still exert an overall 
positive effect on soil respiration. In our study, vegetation-rich grass-
land sites with high soil respiration were clearly distinguishable from 
the vegetation-sparse arable sites with low soil respiration (Fig.  A.1l). 
Vegetation density is also reflected in the root biomass. A major com-
ponent of soil respiration (up to 90%) is root respiration (Hanson et al., 
2000). As a result of regular ploughing, plants on arable land are annual 
and have less opportunity to develop roots resulting in reduced root 
respiration which is a possible reason for the lower soil respiration 
on arable land. In addition, the increase in vegetation also had an 
influence on soil respiration, whereby a strong increase in vegetation 
was accompanied by high soil respiration (Fig.  5m). This effect was 
also found in Bahn et al. (2008), who reported a relationship between 
temporal changes in vegetation density and soil respiration. Especially 
during the growth phase, plants release more root exudates (Přikryl 
and Vančura, 1980). These root exudates can easily be metabolised 
by microorganisms that promote the CO2 efflux from soils (Kuzyakov 
and Larionova, 2006). This effect may explain the generally high soil 
respiration in grassland, especially from April onwards (Figs.  4 and
6). Hou et al. (2025) have shown increasing soil respiration rates 
due to root exudates after drought periods. This probably explains 
the extremely high soil respiration measurements and predictions on 
grasslands in summer (Figs.  4 and 6).

Another factor, which could have an effect on soil respiration of 
grasslands but also arable land, is fertilisation. Although there are no 
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spatial data on timing and types of fertilisation that could be used in 
this study, we described the nutrient content in soil by the C/N ratio, 
which is also influenced by fertilisation. The partial dependency indi-
cated just a slightly positive effect of a low C/N ratio (indicating high 
nutrient availability) on soil respiration (Fig.  5h). However, the effects 
of nitrogen fertilisation on soil respiration are also very variable, since 
e.g. Craine et al. (2001) showed a positive effect and e.g. Kowalenko 
et al. (1978) showed a negative effect on soil respiration. The nutrient 
availability influences many processes in the soil that can either inhibit 
or promote soil respiration (Luo and Zhou, 2006).

This highlights the complexity of the drivers of soil respiration and 
further explains why soil respiration is challenging to predict on a 
landscape scale. Nevertheless, we have shown that the models have 
learnt meaningful relationships based on the training data.

4.3. Spatio-temporal patterns of soil respiration

The modelling approach of this study enabled, to the knowledge of 
the authors, the first predictions of spatial patterns of soil respiration 
across a heterogeneous landscape in such a high spatio-temporal reso-
lution. From our model predictions, we could infer the large variations 
occurring both spatially in a 20 km × 20 km section of a central 
European landscape and temporally over the course of a year (Fig. 
6 and Table  4). The spatio-temporal patterns of soil respiration were 
shaped by the patterns of their drivers (Figs.  7 and 8). Applying the 
interpretable machine learning method Shapley additive explanation 
to the raster data of the predictors, we analysed the contribution of all 
predictors in detail. Thus, we could go beyond analysing relationships 
between response and predictor variables and were able to comprehen-
sively analyse the influence of each predictor on soil respiration for 
each location in our study area under given environmental conditions. 
This enabled us to investigate the influence of the specific landscape 
characteristics on spatio-temporal soil respiration patterns.

The predicted spatio-temporal patterns of soil respiration on the 
landscape scale were connected to the specific patterns of its environ-
mental predictors. Overall, soil temperature patterns had the strongest 
influence on spatio-temporal soil respiration patterns (Table  3). The 
temporal patterns of soil respiration strongly follow the temporal dy-
namics of soil temperature, resulting in pronounced diurnal and annual 
variations. Especially during the summer months, fluctuations in soil 
temperature of up to 10◦C over the course of a day frequently oc-
curred at the non-forested sites in the study area (Baumberger et al., 
2024). An increase of 10◦C could increase soil respiration by approx-
imately 50 mg C m−2 h−1, depending on the temperature range (Fig. 
5a). Throughout the year, the modelled soil respiration varied between 
10 mg C m−2 h−1 and 496 mg C m−2 h−1 (Table  4). These temporal 
variations were explained not only by soil temperature, but also by 
soil moisture, vegetation density, and vegetation change. The largest 
spatial variations in soil respiration driven by soil temperature occurred 
when soil temperature also had the greatest variations (Fig.  7). Strong 
temperature variations in a landscape usually occur in the summer 
months (Baumberger et al., 2024). The spatial distribution of forested 
areas within the landscape became especially apparent due to their 
characteristic lower temperatures and associated reduced soil respi-
ration (Fig.  7). Spatial soil temperature patterns in a landscape were 
influenced by the land use type and topography (Baumberger et al., 
2024). Land use type and topography patterns were therefore passed 
through soil temperature to soil respiration. Thus multiple landscape-
specific information were already contained in the soil temperature. 
These findings are in line with research by Arevalo et al. (2010), who 
have also shown that site specific soil temperature differences mainly 
explained the spatial differences in soil respiration. The spatial patterns 
of SOC stocks in 0–10 cm soil depth mainly followed the patterns 
of land use (Haas et al., 2026). Here again, the spatial distribution 
of forested areas was particularly prominent, with a generally higher 
SOC stock in the top 10 cm compared to arable land and grasslands, 
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which have a positive influence on soil respiration. This implies that a 
substantial portion of soil respiration in the forests was promoted by 
the high SOC stocks. Nevertheless, the effect of temperature overlaid 
the effect of SOC stocks, as in forest areas with low temperature and 
high SOC, low soil respiration still occurred (Fig.  7). Within a land 
use type, vegetation cover and vegetation change (described by the 
NDVI and the NDVI change over two weeks) revealed further variations 
that had a major influence on the spatial pattern of soil respiration. 
Within a single field or grassland, the NDVI was generally consistent 
but it differed between neighbouring units of the same land use. As 
a result, the spatial patterns of soil respiration reflected the shapes of 
the agricultural units. Thus, vegetation cover could differentiate the 
spatial patterns of soil respiration within land use types. Soil respiration 
within a unit of grassland or arable area was relatively homogeneous 
(Fig.  6) and did not have a strong influence on the spatial patterns 
of soil respiration on the landscape scale. Crum et al. (2016) have 
shown that intensive management leads to a decrease in the spatial 
variability of soil respiration. These findings align with the intensively 
managed arable land and grasslands in the Fichtelgebirge mountains. In 
the valleys, areas with increased soil respiration could be observed (Fig. 
6). There are multiple potential reasons for the positive effect of valleys. 
These sites were likely moister, as indicated by the high TWI and their 
proximity to streams. In addition, there are more grassland sites in the 
valleys, which exhibit high soil respiration due to their vegetation and 
soil properties (as discussed in Section 4.2).

From this it follows that spatial patterns in soil respiration in a 
heterogeneous landscape were mainly induced by land use, vegeta-
tion cover, and topography. These landscape characteristics also drove 
spatial patterns of the other predictors such as soil temperature, soil 
moisture, and SOC stocks (Baumberger et al., 2024; Haas et al., 2026), 
which thereby also transmit the spatial patterns of land use, vegetation 
cover, and topography to soil respiration. The predictor land use type 
reflected multiple factors that influence soil respiration, e.g., soil prop-
erties such as pH, C/N ratio, and bulk density, which differ strongly be-
tween the land use types (Fig.  A.1). The multitude of drivers influencing 
soil respiration resulted in strong spatio-temporal variability of soil res-
piration in a landscape (Table  4). During the summer months, several 
high-respiration patches developed, which were located on grasslands 
in depressions. These areas exhibited higher soil moisture due to their 
proximity to the streams (Figs.  7 and 8). Overall, these grasslands were 
characterised by vital vegetation, high root density, and substantial pro-
duction of root exudates (as discussed in Section 4.2), and also provided 
optimal temperature and moisture conditions for microbial activity and 
root respiration. This highlights the importance of soil moisture for soil 
respiration, even though soil moisture played a comparatively minor 
role in the model for spatio-temporal predictions of soil respiration.

The detection of very fine spatial patterns indicated the presence 
of fine-scale heterogeneity (Fig.  6), highlighting the need for high-
resolution data in predictive modelling. Especially individual land use 
types and management units needed to be differentiated, which was 
possible with the resolution of 10 m that was used in this study. 
The temporal variation in soil respiration was mainly induced by the 
temporal variation of soil temperature, which is characterised by an 
annual cycle that includes strong daily variations in the study area 
(Baumberger et al., 2025). Thus, sub-daily temporal resolution was 
required to capture fine-scale temporal variation in soil respiration. 
Our findings underline the substantial heterogeneity of soil respiration 
across a heterogeneous landscape and emphasise the influence of soil 
temperature and thus also land use and topography. The pronounced 
variation within land use types highlights the importance of fine-scale 
drivers, such as vegetation cover and its changes, that are often over-
looked in large-scale models. These insights can inform future upscaling 
efforts and contribute to more accurate predictions of carbon fluxes in 
heterogeneous landscapes under changing environmental conditions.
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5. Conclusion

With 191 CO2 efflux measurements from 166 different sites, we cre-
ated a comprehensive data set to investigate spatio-temporal patterns 
of soil respiration on a landscape scale. By combining these measure-
ments with a variety of potential environmental drivers in a random 
forest model, we developed a model to predict soil respiration with a 
resolution of 10 m in space and 1 h in time for our 20 km × 20 km study 
area in the Fichtelgebirge mountains in Germany. Model predictions 
revealed large spatio-temporal variability of soil respiration on the 
landscape scale, highlighting the importance of modelling soil respi-
ration in high resolution. We have shown that spatio-temporal patterns 
of soil respiration were explained by a variety of drivers with complex 
interactions. Interpretable machine learning allowed disentangling the 
effects of multiple interacting environmental factors on soil respiration. 
The consideration of soil respiration under real-world conditions, in-
cluding the explanation of the individual contributions of all predictors, 
provided insights on spatio-temporal soil respiration patterns on the 
landscape scale. In addition, to gaining insights into soil respiration on 
a landscape scale, methodological progress was made by developing a 
modelling approach for predicting high-resolution soil respiration and 
demonstrating the value of interpretable machine learning techniques 
for the analysis of model predictions.
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Fig. A.1. Relationships between soil respiration and its predictors, separated by land use type. For each land use type, the spread of the relationship between 
soil respiration and the predictor variable is visualised by a Gaussian ellipse. The ellipses show the 95% confidence level of the respective distribution. Note that 
the panels e–j contain only 116 data points from the 91 locations where soil cores were taken while the remaining panels contain 191 measurements. In forests, 
data of the organic layer is presented instead of data from the 0–10 cm mineral soil depth and the lower topsoil is considered to extend from 0–30 cm, replacing 
the standard 10–30 cm soil depth.

Fig. A.2. Dependence of soil respiration on soil temperature for each land use type separately, where a shows forest (N = 64), b shows grassland (N = 53) and
c shows arable land (N = 74). The relationship is modelled by an exponential function. Q10 values represent the rate at which soil respiration change with a 
10◦C increase in temperature.
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