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Abstract. The growing reliance on nature-based solutions for climate change mitigation has increased the need for robust
methods to assess soil greenhouse gas (GHG: CO2, CH4, N20) emissions. A key challenge is the upscaling of site-specific
observations to improve predictions of the spatial distribution and magnitude of soil GHG fluxes. Upscaling is hindered by the
laborious, costly, and time-consuming nature of soil flux measurements at the scale needed to generate sufficiently large
datasets. Fourier-transform infrared (FTIR) spectroscopy is a cost-effective, high-throughput method that has demonstrated its
ability to predict soil physicochemical properties. Since the magnitude of soil GHG fluxes is strongly influenced by these
properties, FTIR may also serve as a basis for predicting soil GHG fluxes. In this study, we evaluated whether FTIR calibration
models can be developed to predict soil GHG fluxes and organic matter decomposition rates directly from mid-infrared spectra.
FTIR calibration and cross-validation were performed using soil samples collected across 20 wetland study sites in six
European countries and linked to measured soil GHG fluxes and decomposition rates at the corresponding sampling sites. The
results demonstrated that FTIR can be calibrated to reliably predict soil decomposition rates and heterotrophic respiration
standardised at a given soil temperature. For decomposition rates, the root mean square error (RMSE) of FTIR-predicted values
was 0.01 dd!, corresponding to approximately 17-53% of the interquartile range of observed rates. For heterotrophic
respiration, the RMSE of 18 mg CO,~C m™2 h™! corresponded to 21-64% of the interquartile flux range. The findings also
indicate FTIR's potential to identify biogeochemical risk areas or potential hotspots of CH4 and N,O emissions, effectively
mapping the substrate-driven 'ultimate' controls even when 'proximate' environmental triggers (e.g., water table fluctuations)

are absent.
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1 Introduction

Fourier-transform infrared spectroscopy (FTIR) measures the absorption of infrared radiation by chemical bonds within the
analysed material, thereby producing spectra that reflect the sample's chemical and physical properties. FTIR of the mid-
infrared (MIR) region is widely used to characterise various organic and inorganic materials. Infrared soil spectra can be
acquired near-instantaneously and contain detailed information on soil organic matter composition, mineralogy, and
physicochemical characteristics (Stenberg et al., 2010; Rossel et al., 2016). Specifically, MIR-FTIR captures the fundamental
vibrations of functional groups (e.g., aliphatic C-H, amide N-H, and carboxyl C=0) that serve as the primary substrates and
catalysts for microbial metabolism. By integrating these diverse chemical signals into a single spectral signature, FTIR
provides a 'metabolic fingerprint' of the soil’s capacity for carbon and nitrogen turnover.

The increasing availability of large spectral libraries and advances in chemometric modelling have expanded the applicability
of FTIR spectroscopy in environmental research and monitoring. In recent decades, the FTIR techniques have become
increasingly applied in soil science due to their rapid, non-destructive, and cost-effective analytical potential (e.g., Margenot
et al., 2023). Current MIR-FTIR techniques have been shown to have the ability to quantify soil organic carbon, total nitrogen,
texture, pH, cation exchange capacity, bulk density, moisture content, and concentrations of various macro- and micronutrients,
often with sufficient accuracy for large-scale soil assessment and monitoring applications (Sanderman et al., 2020; Mammadov
et al., 2024; Kandel et al., 2018; Knox et al., 2015). This is particularly relevant in heterogeneous wetland ecosystems, where
direct flux measurements are difficult to upscale.

Alongside soil properties and soil health indicators, there is a growing demand to quantify and map soil greenhouse gas (GHG)
fluxes, particularly carbon dioxide (CO;), methane (CH4), and nitrous oxide (N»O) fluxes, given their critical role in assessing
the impacts of soil type and land use on climate change (Li et al., 2024). However, direct measurements of soil GHG fluxes
are labour-intensive and time-consuming. A further challenge lies in spatial upscaling, the limited number of observations
across space and the development of higher-tier approaches for estimating emissions. Despite increasing efforts in emission
monitoring, soil GHG emission estimates still rely on emission factors; i.e. simplified coefficients that represent average
emissions per unit area or activity, which are insufficient to capture the spatial and temporal variability of soil GHG fluxes. In
addition, existing models are constrained by limited input data and validation. Consequently, the development of alternative
(time-, labour- and cost-efficient) methods for evaluating soil GHG fluxes is urgently needed.

Easily measurable and widely recognised environmental drivers, such as soil temperature and moisture, are commonly used
to model temporal variability in soil GHG fluxes and can often successfully describe short-term emission dynamics at
individual sites (Davidson and Janssens, 2006; Hao et al., 2025; Reichstein et al., 2003). Temperature and soil moisture are
the primary factors controlling variability in soil CO, flux and substantially influence CH4 and N>O fluxes (Schaufler et al.,
2010; Hao et al., 2025). However, their applicability for broader spatial upscaling remains limited. While these factors can
explain temporal fluctuations in fluxes, they are poor predictors of GHG magnitudes across different soils and ecosystems.

Soil microbial activity and the magnitude of resulting soil GHG fluxes are strongly controlled by soil physicochemical
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properties, including organic matter composition, nutrient availability, pH, texture, and hydrological characteristics, which
regulate microbial activity and biogeochemical processes that produce and consume GHGs (Le Mer and Roger, 2001; Conant
etal., 2011; Hénault et al., 2012). Higher concentrations of biogenic elements (e.g. nitrogen, phosphorus, potassium, calcium,
and magnesium), combined with a more neutral soil pH, increase nutrient availability, which is associated with higher soil
GHG emissions (Butlers et al., 2025). Although an increasing number of studies have demonstrated quantifiable relationships
between soil physicochemical properties and soil GHG fluxes, the available datasets remain relatively limited for robust large-
scale prediction approaches. One of the main constraints is that comprehensive soil characterisation substantially increases
study costs and analytical workload, particularly when combined with the large number of spatially distributed GHG
monitoring replicates required to capture landscape-scale variability adequately.

Due to its versatility, rapid analytical throughput, and cost-effective soil screening capabilities, FTIR spectroscopy may have
substantial potential to address challenges associated with soil GHG emission assessment and spatial upscaling. Since FTIR
spectroscopy can characterise a wide range of soil properties (Artz et al., 2008) that regulate microbial activity and
biogeochemical processes responsible for GHG production and consumption, it may provide opportunities to reduce the
dependence on labour-intensive conventional soil analyses through spectral data-based gap-filling approaches, or potentially
even through calibration of soil spectral signatures in relation to the expected magnitude of soil GHG fluxes. Therefore, we
posed the research question of whether mid-infrared spectral signatures of soil contain measurable information about soil
decomposition and GHG fluxes. The objective of this study was to evaluate whether diffuse reflectance mid-infrared Fourier-
transform spectroscopy can be directly linked to measured soil decomposition rates and GHG fluxes and whether spectral

information alone may provide a basis for rapid assessment of soil GHG flux potential.

2 Materials and methods
2.1 Study sites

The study was conducted at 20 study sites (Figure 1) across six European countries (Belgium, Estonia, Spain, Finland, France,
and Latvia) during 2024-2025. The sites represented a broad range of wetland ecosystems with mineral and organic soils
distributed across Europe's latitudinal gradient, including temperate, hemiboreal, boreal, and subarctic climatic regions. The
study network included rewetted peatlands, drained peatlands, peat extraction areas, riparian wetlands, treatment wetlands,
wet forests, agricultural peatlands, and near-natural peatland ecosystems exposed to contrasting hydrological conditions,

nutrient status, vegetation composition, and land-use histories (Table A1).
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Figure 1: Locations of the study sites in Belgium (BE), Estonia (EE), Spain (ES), Finland (FI), France (FR), and Latvia (LV)

2.2 Data collection
2.2.1 Soil and greenhouse gas sampling

GHG fluxes were monitored at each study site using the closed, opaque-chamber method (Hutchinson and Livingston, 1993).
Prior to GHG monitoring, soil measurement points were established using the trenching (root exclusion) technique (“Trench’)
described by Bond-Lamberty et al. (2011) to characterise soil CO; heterotrophic respiration (HR), while separate measurement
points with intact vegetation were used for CHs and N>O flux measurements, with CO» measured as a secondary variable. Due
to slight differences in sample plot designs, soil GHG fluxes were monitored in up to six replicates per measurement point
type, with measurements conducted at least monthly across all seasons (spring, summer, autumn, winter), alongside parallel
soil temperature measurements at a depth of 15 cm. Soil samples for laboratory analyses were collected during spring and
summer to ensure comparable environmental conditions across the latitudinal gradient and were taken from the 0—10, 10-20,
and 20—40 cm soil layers adjacent to the GHG monitoring points. Detailed information on soil GHG emission monitoring and
soil sampling methodology is provided by Butlers et al. (2025). Separate scientific teams in each participating country were
responsible for field measurements, sample collection, and initial processing of GHG monitoring data following a harmonised
protocol.

Soil samples air-dried at a temperature below 40 °C were sent to the ISO 17025 certified laboratory of the Latvian State Forest
Research Institute “Silava” for further FTIR analysis (detailed in Section 2.4). Once at least 12 consecutive months of soil
GHG monitoring data had been collected for a given site, pre-processed datasets containing measured HR (mg CO-C m2h™")

and N,O and CHy4 fluxes (pg m™2 h™") were received from the research teams.

4
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2.2.2 Soil decomposition rate and incubation-derived N2O emission variables

Soil organic matter decomposition rates were assessed using the cotton strip assay, a standardised method widely applied as a
proxy for microbial decomposition activity in soil (Latter et al., 1988; Latter and Howson, 1977). Unprimed cotton fabric strips
were inserted vertically into the topsoil layer (approximately 10—12 cm deep) near the soil GHG monitoring and sampling
points. The cotton strips were incubated in situ for multiple retrieval intervals, ranging from 2 to 12 weeks. During in-situ
incubation, degradation of cellulose by soil microorganisms and soil fauna reduced the tensile strength of the cotton material.
After retrieval, strips were cleaned, dried, and analysed for tensile strength loss using a tensiometer. The remaining tensile
strength relative to unburied reference strips was used to estimate decomposition rates using an exponential decay function
(Bérlocher et al., 2020). Decomposition rates were temperature-corrected and expressed in degree days (dd™), enabling
comparison across sites with differing climatic conditions (Escarmena et al., in review).

Separate soil samples were collected from 0-10 cm soil layer within 5 m of the cotton strip setup to evaluate denitrification
potential using the acetylene block assay and N>O flux using laboratory soil incubation experiments following the protocol
outlined in Crestey-Chury et al., 2026. Briefly, 20 mL of soil samples were incubated under anaerobic conditions (N>-flushing)
with excess nitrate (20 mL of 100 mg N L' KNO;). N>O emission rates and denitrification potential were measured using a
G200 N>O Analyser (Geotech, QED Environmental Systems Ltd., Coventry, UK) with and without acetylene added to the
headspace (10% v/v).

2.3 Greenhouse gas data preprocessing

The GHG emission data from the sites were grouped and linked to the nearest soil sampling point. Before assigning GHG
emission values to specific soil samples, the data were processed differently for each GHG. Mean measured fluxes for CHy
and N,O were calculated for each monitoring point. In contrast, HR data were standardised by fitting regression models
between measured CO; fluxes and corresponding soil temperature measurements. Each dataset was visually inspected, and
exponential regression was applied when it provided a better fit to the observed relationship; otherwise, linear regression was
used. The resulting site-specific models were then used to estimate soil CO, flux at standardised soil temperatures of 10 °C
(HR10), 15 °C (HR15), and 20 °C (HR20). In rare cases where no clear relationship between HR and soil temperature was
detected, mean measured HR values were assigned to the HR10 category, as the average soil temperature observed during the
measurement period in these cases was close to 10 °C.

Similarly, when direct HR measurements were unavailable, CO, fluxes measured at points with intact vegetation were
multiplied by 0.5 (Bond-Lamberty et al., 2004; Hanson et al., 2000) and then processed as HR datasets. This recalculation was
performed because the use of data representing HR is crucial for FTIR calibration, as the spectral signature reflects the soil
matrix’s intrinsic organic matter pools, which drive heterotrophic processes, rather than the transient flux of recent

photosynthates associated with autotrophic root respiration. GHG flux values were assigned to respective soil sampling points
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collected from different depths (0—10, 10-20, and 20—40 cm), as well as to combined 0—20 cm soil samples composed of the

0-10 and 10-20 cm layers. These processed GHG values are further referred to as “measured” GHG fluxes.

2.4 FTIR calibration

Mid-infrared diffuse reflectance infrared Fourier transform spectroscopy (hereafter FTIR) was performed using a Bruker
INVENIO-S spectrometer (Bruker Optik GmbH, Ettlingen, Germany) equipped with an HTS-XT microplate reader accessory
and a liquid-nitrogen-cooled MCT detector, operating in the spectral range of 4000—400 cm™ (instrument specification and
measurement settings are provided in the Supplementary Material). Spectral acquisition and subsequent calibration
development were performed using OPUS 8.5 software (Bruker), including the integrated QUANT module for partial least
squares (PLS) regression modelling.

Air-dried soil samples sieved to <2 mm particle size were placed into microplate sample cups in three replicate subsamples.
Samples were compressed in the cups using a matching-diameter steel rod (Seybold et al., 2026). The acquired interferograms
were Fourier transformed into absorbance spectra. Processed GHG fluxes (Section 2.3) and incubation-derived variables
(Section 2.2.2) were assigned to the acquired MIR spectra, and calibration models were developed using PLS regression.
Several calibration models were developed for each variable and soil-layer pair by testing different combinations of
preprocessing methods and spectral regions. Preprocessing approaches included no preprocessing, constant offset elimination,
straight-line subtraction, vector normalisation, min—max normalisation, multiplicative scatter correction, first- and second-
order derivatives, and combinations of derivatives with normalisation or scatter correction. Spectral regions were selected
automatically by the OPUS software using built-in optimisation approaches that iteratively identify combinations of spectral
regions and minimise prediction error. All calibration versions were evaluated using cross-validation implemented in the OPUS
software, where repeated calibration and validation cycles were performed by systematically excluding subsets of spectra from
model fitting and using them for validation. During subsequent cycles, excluded spectra were returned to the calibration subset
while different spectra were used for validation until all samples had been validated. To identify the best-performing model
for each variable-soil-layer pair, the performance of calibration versions was evaluated using the coefficient of determination
(R?), root-mean-square error of cross-validation (RMSECYV), and residual prediction deviation (RPD). The outputs of the best-
performing models (measured and FTIR-predicted values are provided in the Supplementary Material) were selected for

further detailed analysis.

2.5 Statistical analysis for calibration evaluation

The calibration performance of the FTIR models was evaluated using soil-sample-averaged FTIR-predicted values derived
from replicate FTIR measurements. Model performance was assessed using the coefficient of determination (R?), Lin’s
concordance correlation coefficient (CCC), root mean square error (RMSE), mean absolute error (MAE), bias, RPD, and ratio
of performance to interquartile distance (RPIQ). The relationship between measured and FTIR-predicted values was assessed

using Pearson correlation analysis, from which R? and associated p-values were obtained. Lin’s concordance correlation

6
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coefficient (CCC) was used to evaluate both the strength of correlation and the agreement between measured and predicted
values relative to the 1:1 relationship, thereby accounting for both precision and systematic deviations from perfect agreement.
CCC values range from —1 to 1, with values approaching 1 indicating stronger agreement between measured and predicted
values (Lin, 1989). RMSE was used to quantify the overall magnitude of prediction error, with greater sensitivity to larger
errors. MAE was calculated as the mean absolute difference between predicted and measured values and therefore represents
the average magnitude of prediction error irrespective of its direction. In contrast, bias was calculated as the mean signed
difference between predicted and measured values and was used to evaluate systematic over- or underestimation by the models.
RPD was calculated as the ratio between the standard deviation of measured values and RMSE, whereas RPIQ was calculated
as the ratio between the interquartile range (difference between the 75th and 25th percentiles) of measured values and RMSE.
Higher RPD and RPIQ values indicate improved predictive performance relative to the variability of the measured dataset.
RPD values were interpreted according to commonly used soil spectroscopy criteria, where values below 1.5 indicate poor
predictive performance, values between 1.5 and 2.0 indicate suitability for rough screening, values between 2.0 and 2.5 indicate
good quantitative predictive ability, and values above 2.5 indicate very good to excellent model performance (Chang et al.,
1986). To provide a relative measure of prediction uncertainty, RMSE values were evaluated against the interquartile range of

measured values (Q3-Q1).

3 Results

Cross-validation of the emission prediction models revealed varying performance across the analysed GHG variables
(Figure A1, Table A2). The best predictive performance was achieved for HR. Depending on the soil layer and standardised
temperature level, RMSE values for HR prediction models ranged from 21-47% of the lower measured flux range (Q1) to 46—
156% of the upper concentration range (Q3). The best-performing model was obtained for HR10 predicted using soil samples
from the 2040 cm layer (Figure 2), where RMSE corresponded to 21-64% of the interquartile concentration range. The model
also demonstrated strong agreement between measured and FTIR-predicted values, with an R? of 0.81 and a concordance
correlation coefficient (CCC) of 0.90. The low model bias (0.07 mg CO>~C m h™!) indicated minimal systematic over- or
underestimation of flux. The predictive performance of this model was further supported by an RPD of 2.3, indicating good
suitability for quantitative prediction. The model performance indicates that FTIR allows prediction of expected CO, flux at a
soil temperature of 10 °C with an error of around 15 mg CO,~C m2 h™! (Figure 3, panel b), which translates into a mean

relative error of 33.7+42.2% (Figure 3, panel a).
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Figure 2: Field observed versus FTIR-predicted soil greenhouse gas emission (HR in mg CO>-C m2 h™'; CHs and N2O in pg m2 h')

values for different soil layers. Panels (a) and (b) show heterotrophic respiration and CH4 emissions predicted from spectra of the 20—40

cm soil layer, respectively, while panel (c) shows N2O emissions predicted from spectra of the 10-20 cm soil layer. Points represent soil

210 sample-averaged predicted values derived from replicate FTIR measurements. Solid lines represent linear regression fits, and dashed lines
indicate the 1:1 relationship corresponding to perfect agreement between measured and predicted values. Separate panels are shown for each
greenhouse gas and for the corresponding soil layer that provides the best calibration performance.
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respectively. (b) Relative prediction error (residual/measured) plotted against FTIR-predicted. Data points reflect averaged replicates for

identical observed inputs to avoid noise from instances where the same measured HR10 values are assigned to multiple soil samples.

The predictive performance for CH4 was weaker compared with that of the HR models. Although RMSE in the upper
concentration range (Q3) remained comparatively moderate at 55%, prediction uncertainty in the lower concentration ranges
was substantially higher, with relative prediction error reaching several orders of magnitude. The best-performing CHy
prediction model was also obtained using the 20—40 cm soil layer. However, this model demonstrated lower predictive
performance, with an R? of 0.66, a CCC of 0.80, and a MAE of 620 ug CHs m~ h™!, indicating it was insufficiently reliable for
quantitative prediction of CHy flux. Calibration of the N>O prediction models using field measurement data was also
unsuccessful, with both RMSE and MAE exceeding the interquartile range of measured fluxes multiple times across all soil

layers, indicating very high prediction uncertainty and insufficient predictive reliability for quantitative application.

In contrast to field-measured N,O fluxes, FTIR demonstrated a moderate ability to predict incubation-derived N>O emissions
(Figure 4). The best-performing model achieved an RMSE of 21 nmol N,O hr! g7!, corresponding to an error of 32% at the
upper concentration range (Q3). However, at low emission levels, the prediction error exceeded 100% of the measured values.
Prediction accuracy improved with increasing emission rates, whereas substantial scatter at lower values indicates reduced
precision near the lower end of the observed range. The resulting RPD of 1.7 suggests the model may be suitable for screening

applications, but the current version lacks sufficient accuracy for quantitative prediction.
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Figure 4: Observed decomposition rate (a, dd™!), denitrification potential (b, nmol N2O hr! g') and N20 emissions (¢, nmol N2O
hr! g1) determined by soil incubation experiments versus FTIR-predicted values. Points represent soil sample-averaged predicted
values derived from replicate FTIR measurements. Solid lines represent linear regression fits, and dashed lines indicate the 1:1 relationship

corresponding to perfect agreement between measured and predicted values. Separate panels are shown for each variable.
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Calibration of denitrification potential prediction models was unsuccessful. The regression line deviated substantially from the
1:1 relationship, indicating strong systematic bias in the predictions. Most measured values were clustered below
approximately 50 nmol N,O hr! g-!, while the corresponding RMSE reached 38 nmol N,O hr™! g”!, resulting in insufficient
discrimination between low and high denitrification potentials and poor predictive performance (Figure 4). The wide scatter
of data points across the observed range further reflects high prediction uncertainty and limited agreement between measured
and predicted values.

In contrast, the decomposition rate showed promising calibration results (Figure 4). Strong statistical agreement between
measured and FTIR-predicted values was demonstrated by a high coefficient of determination (R?=0.83) and a low RMSE of
0.01 dd!. The regression line was close to the 1:1 relationship, which indicates limited systematic bias in the predictions. A
slightly increased scatter of points at higher decomposition rates suggests some variability in prediction accuracy towards the
upper end of the observed range. This corresponded to a prediction error ranging from 17% to 53% across the measured values'
interquartile range. Furthermore, the RPD value of 2.4 indicated good quantitative predictive ability, suggesting considerable

potential for FTIR-based assessment of soil organic matter decomposition activity.

4 Discussion
4.1 Heterotrophic respiration

This study aimed to evaluate whether diffuse reflectance mid-infrared Fourier-transform spectroscopy can predict soil GHG
fluxes. The results showed particularly strong potential for predicting soil CO, flux. The HR calibration delivered strong
predictive performance, even though the calibration dataset combined directly measured HR with approximated HR values
derived from ecosystem respiration values. This likely added uncertainty to the reference dataset, which was reflected in
calibration execution. Still, the predictive performance suggested that the used MIR spectral signatures effectively captured
information about soil properties and biogeochemical processes that affect HR.

Additional support for this interpretation came from the successful calibration of soil organic matter decomposition rates.
Decomposition is one of the key processes that control soil carbon turnover (Conant et al., 2011) and is closely linked to
microbial activity, which produces CO; in soils (Kuzyakov, 2006). The strong agreement between measured and FTIR-
predicted decomposition rates indicates that MIR spectra contain information related to the physicochemical characteristics of
soils that govern organic matter decomposition, enabling indirect assessment of decomposition rates. This observation provides
mechanistic support and a proof of concept for using FTIR to predict soil GHG fluxes. The finding aligns with the established
relationships between decomposition activity and soil properties, including organic matter content, carbon concentration, C:N
ratio, pH, nutrient availability, and other factors that affect microbial activity (Davidson and Janssens, 2006; Schmidt et al.,

2011; Lehmann and Kleber, 2015).

10
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While soil physicochemical and biogeochemical properties govern the magnitude of fluxes that can be expected from a soil
(Smith et al., 2018), instantaneous fluxes at any given time are strongly influenced by transient environmental factors, such as
temperature, oxygen availability, and hydrological conditions (Davidson and Janssens, 2006; Smith et al., 2018), which may
vary independently of the soil physicochemical properties captured by FTIR spectra. This interpretation is supported by our
approach to calibration, which uses temperature-standardised HR data, with CO, emissions normalised to defined soil
temperatures before calibration. Therefore, the FTIR models developed should be considered to predict the soil GHG emission
potential, defined as the expected magnitude of fluxes under prevailing site conditions shaped by long-term soil development
and management, rather than instantaneous GHG fluxes at a specific point in time.

Interestingly, the best predictive performance for HR was achieved using spectra from deeper soil layers (20-40 c¢cm) rather
than from the topsoil (0-20 cm), where CO; production would intuitively be expected to be greatest. One possible explanation
is that the deeper soil layer represents more stable inherent soil properties that control carbon turnover (Tenhovirta et al., 2026)
and are less influenced by transient environmental variability. Furthermore, the superior performance of the 20—40 cm layer
suggests that deep-soil MIR signatures integrate the 'legacy' of long-term carbon accumulation and stabilisation. While surface
layers are more metabolically active, their spectral signals may be 'noisier' due to fresh, un-decomposed litter, whereas the

deeper layers provide a more consistent baseline of the soil's ultimate greenhouse gas potential.

4.2 CH4 and N20 fluxes

The model performed less well in predicting measured field fluxes of CHs4 and N>,O. However, measurable relationships
between observed and FTIR-predicted values were detected, suggesting that the soil spectral signature contains information
associated with factors that regulate these fluxes. This interpretation is supported by the successful prediction of incubation-
derived N>O flux under controlled laboratory conditions, where the influence of short-term environmental variability was
minimised (Bedford et al., 2006). The poorer predictive performance observed for the field-measured CH4 and N>O fluxes is
therefore likely due to the episodic, process-driven nature of these fluxes, which depend on short-term environmental
conditions (Le Mer and Roger, 2001; Smith et al., 2018) not explicitly captured in soil spectral signatures, particularly at low
flux levels where emissions are more strongly controlled by environmental conditions rather than stable soil properties. This
represents the 'proximate-ultimate' driver decoupling: while MIR spectra accurately quantify the soil’s ultimate capacity to
produce CH4 or N>O (e.g., via total N or anaerobic carbon pools), the proximate timing of the flux is governed by stochastic
variables like water table height or sudden nitrate pulses. Future calibrations may therefore benefit from a hybrid approach,
weighting spectral potential with real-time moisture data.

In addition, prediction performance differed among soil layers. CH4 prediction performed better when calibrated using deeper
soil layers, whereas N>O prediction performance was highest for the intermediate layer at 10-20 cm depth. The strongest N>O
prediction performance by this layer may indicate that this soil depth better reflects the biogeochemical zone where the
availability of substrates for nitrification and denitrification, aeration status, and nitrogen cycling processes most strongly

influence N,O production potential (Jahangir et al., 2012). Surface layers may be too strongly affected by transient

11



305

310

315

320

325

330

335

https://doi.org/10.5194/egusphere-2026-3623
Preprint. Discussion started: 22 July 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

environmental conditions and recent litter inputs, while deeper layers may contain weaker nitrogen-related spectral signatures
relevant to N,O generation. These observations are consistent with current understanding of soil GHG production processes,
as different soil layers encode distinct physicochemical and biogeochemical information (Tenhovirta et al., 2026) relevant to
specific GHG pathways. Deeper soil layers are more closely associated with hydrological conditions and anaerobic processes
that influence CH4 production (Mcnicol et al., 2026; Conrad, 2020; Le Mer and Roger, 2001). In contrast, topsoil properties
are more strongly linked to microbial nitrogen transformations under aerobic conditions that govern N>O flux (Robertson and
Groffman, 2015).

The current results should not be interpreted as evidence against the appropriateness of FTIR for assessing CH4 and N,O
emission potential. The prediction performance could be improved with larger datasets combined with a more structured
approach that encompasses a wider range of short- and long-term environmental conditions, ecosystem types, management
status and emission magnitudes. Calibration data were limited, and model performance may have been further limited by the
inclusion of mineral and organic soils within the same calibration data set. These soil groups differ substantially in their
physicochemical properties, organic matter composition, and biogeochemical processes, potentially introducing additional
complexity into the calibration procedure. Future studies should investigate whether different calibration models for mineral
and organic soils, or for their specific layers, would enhance predictive performance. Nevertheless, even in its current form,
the method shows potential to identify soils associated with elevated emission risk. It may serve as a practical screening tool

for locating CH4 and N,O emission hotspots.

4.3 Validation and potential applications

The developed and evaluated prediction models were not validated using an independent external dataset. Although cross-
validation provides a useful assessment of model performance, it may overestimate predictive accuracy compared with external
validation (Wold et al., 2001). Nevertheless, the reliability of the reported performance metrics is supported by the substantial
environmental heterogeneity represented in the calibration dataset, which included samples from multiple European countries
encompassing mineral soils, highly decomposed organic soils, and peat soils. The high diversity in the dataset suggests that
the observed relationships are not limited to a narrow set of soil types or site conditions.

To ensure the reliability and practical applicability of the developed HR prediction models, future studies should validate them
on independent datasets. For CHs and N,O, the potential of FTIR to identify emission hotspots and, potentially, to support
quantitative emission prediction should be further investigated using substantially larger calibration and validation datasets.
Thus, the current results support continued development towards a practically applicable FTIR-based method for assessing
soil GHG emission potential.

A robustly calibrated and independently validated method could enable high-throughput, cost-effective FTIR-based mapping
of soil HR potential and GHG emission hotspots. Such an approach could be implemented either through dedicated soil
inventory campaigns or by integration into existing soil monitoring and inventory programmes. A particular advantage of the

method is its potential to utilise already georeferenced soil samples stored in soil archives and spectra libraries (To6th et al.,
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2013; Rossel et al., 2016; Id et al., 2025), thereby leveraging existing resources to generate new information on soil GHG
emission potential without requiring extensive additional field measurements. This approach bridges the gap between point-
scale chamber measurements and landscape-scale modelling. By integrating these spectral proxies into global initiatives such
as the Open Soil Spectral Library (OSSL), we can initialise Earth System Models with spatially explicit 'metabolic starting
points,' thereby significantly reducing the uncertainty associated with current carbon turnover assumptions in wetland
ecosystems.

The resulting maps could support the identification of areas at risk of elevated GHG emissions, facilitating the targeted climate
change mitigation measures and the more efficient allocation of monitoring resources. In addition, they could also help
prioritise research efforts by identifying sites with the greatest potential for carbon loss from soil through decomposition and

other GHG emissions.

5 Conclusions

This study demonstrated that diffuse reflectance mid-infrared Fourier-transform infrared (FTIR) spectroscopy contains
measurable information on soil GHG fluxes and associated biogeochemical processes. The most successful calibration was
achieved for soil heterotrophic respiration standardised to a defined temperature, where predictive models showed good
quantitative performance despite the soil heterogeneity represented in the calibration dataset. Successful prediction of soil
decomposition rates further supported the interpretation that MIR spectra capture information about soil carbon turnover
processes that underlie CO, production. The ability of FTIR to predict both decomposition rates and heterotrophic respiration
suggests that soil spectral signatures reflect the biological processes that drive soil carbon cycling, providing mechanistic
support and proof of concept for its use in assessing soil CO; flux.

Prediction of field-measured CH4 and N>O fluxes was less successful. However, the observed relationships between measured
and FTIR-predicted values, together with the successful prediction of incubation-derived N>,O emissions, indicate that soil
spectral signatures contain information related to the factors regulating these fluxes. The weaker predictive performance is
likely attributable to the episodic nature of field-measured CHa and N-O fluxes, which makes it difficult to derive representative
reference emission values for FTIR calibration from limited temporal monitoring data.

The results suggest that FTIR spectroscopy has considerable potential as a rapid and cost-effective method for assessing soil
GHG flux potential, i.e. the capacity of a soil to act as a source or sink of GHGs under specific environmental conditions
determined by soil physicochemical and biogeochemical characteristics. Further improvements may be achieved through larger
calibration datasets, separate calibrations for contrasting soil groups or layers, the development of more advanced approaches
for deriving representative reference emission values from field measurements, and independent external validation. While
CO; fluxes were standardised to defined temperature conditions before calibration, CH4 and N»O calibrations relied on mean
measured fluxes. Future studies thus may improve predictive performance by developing approaches that better account for

the episodic nature and environmental controls of CH4 and N>O fluxes when deriving reference values for FTIR calibration.
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We propose that 'GHG Flux Potential' be formally recognised as a standardised soil trait, analogous to Cation Exchange
Capacity or Soil Organic Carbon. By using standardised temperature (e.g., HR10), we move from reporting what the soil
emitted on a specific day to reporting what the soil is capable of emitting, a metric that is far more valuable for long-term
climate sensitivity mapping and regional upscaling Following further developments, FTIR could support a high-throughput
and cost-effective approach for the quantitative prediction of soil GHG emission potential and the identification of GHG
emission hotspots, thereby contributing to the development of soil monitoring, GHG assessment, and climate change mitigation

frameworks.

Data availability

Measured and FTIR-predicted values used to produce the results presented are provided in the Supplementary Material.

Author contributions

ABu conceptualised the research, prepared the methodology, curated the data, and prepared the original draft; ZAZ operated
the FTIR and performed calibration; ABa and JP provided critical review; AL, KS, TL, JT, FS acquired funding. NC and RD
conducted incubation lab experiments. KS, TS, JJ, TL, JT, LE, SP, and FS participated in soil sampling and GHG data
collection from Estonia, Finland, France, and Spain, and reviewed the manuscript. LE, NP, SP, FS, and TL conducted cotton

strip assay measurements.

Competing interests

The authors declare no conflicts of interest.

Financial support

The study was performed in the scope of the ALFAwetlands project (Grant Agreement ID 101056844), an EU-funded initiative
under the Horizon Europe program, aimed at enhancing European wetland management for greenhouse gas mitigation and
biodiversity conservation. Data processing was supported by the project Research and Innovation Based Solutions to Support
the Peat Sector’s Transition to a Climate Neutral Economy, Promoting the Sustainable Use of Latvia’s Natural Resources,
PeatTransform (6.1.1.2/1/25/A/001). SP was supported by a Marie Sktodowska-Curie postdoctoral fellowship (EWRECA,
grantn® 101153787), funded by the European Union Horizon 2020 Research and Innovation program. The article was prepared
within the scope of the project (26-00-S0INZ03-000021) Socio-economic assessment of activities implemented to achieve

14



395

400

405

410

415

420

https://doi.org/10.5194/egusphere-2026-3623
Preprint. Discussion started: 22 July 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

climate change mitigation targets in Latvia's land use, land-use change, and forestry (LULUCEF) sector for reducing greenhouse

gas (GHG) emissions and promoting carbon dioxide (CO;) sequestration in forest management.

References

Artz, R. R. E., Chapman, S. J., Jean Robertson, A. H., Potts, J. M., Laggoun-Défarge, F., Gogo, S., Comont, L., Disnar, J.-R.,
and Francez, A.-J.: FTIR spectroscopy can be used as a screening tool for organic matter quality in regenerating cutover
peatlands, Soil Biol. Biochem., 40, 515-527, https://doi.org/https://doi.org/10.1016/.50ilbi0.2007.09.019, 2008.

Bardule, A., Melniks, R. N., Zvaigzne, Z. A., Purvina, D., Skranda, 1., Prysiazhniuk, O., Maliarenko, O., and Lazdins, A.:
Greenhouse Gas Fluxes from Cranberry and Highbush Blueberry Plantations on Former Peat Extraction Fields Compared to
Active Peat Extraction Fields and Pristine Peatlands in Latvia, Atmosphere (Basel)., 15, 1102,
https://doi.org/10.3390/atmos15091102, 2024.

Birlocher, F., Gessner, M. O., and Graca, M. A. S. (Eds.): Methods to Study Litter Decomposition, Springer Cham, 604 pp.,
https://doi.org/10.1007/978-3-030-30515-4, 2020.

Bedford, N., Survey, U. S. G., Hole, W., Sciences, M., and Munkegade, N.: Methods for Measuring Denitrification: Diverse
Approaches to a Difficult Problem, 16, 2091-2122, 2006.

Bond-Lamberty, B., Wang, C., and Gower, S. T.: A global relationship between the heterotrophic and autotrophic components
of soil respiration?, Glob. Chang. Biol., 10, 1756-1766, https://doi.org/10.1111/j.1365-2486.2004.00816.x, 2004.
Bond-Lamberty, B., Bronson, D., Bladyka, E., and Gower, S. T.: A comparison of trenched plot techniques for partitioning
soil respiration, Soil Biol. Biochem., 43, 2108-2114, https://doi.org/https://doi.org/10.1016/j.s0ilbio.2011.06.011, 2011.
Butlers, A., Laiho, R., Lazdins, A., Schindler, T., Soosaar, K., Jauhiainen, J., Bardule, A., Kamil-Sardar, M., Licite, 1.,
Samariks, V., Haberl, A., Vahter, H., Ciuldien¢, D., Anttila, J., and Armolaitis, K.: Organic soils can be CO2 sinks in both
drained and undrained hemiboreal peatland forests, Biogeosciences, 22, 4627—4647, https://doi.org/10.5194/bg-22-4627-2025,
2025.

Chang, C., Laird, D. A., Mausbach, M. J., and Hurburgh, C. R.: Analyses of Soil Properties, 480—490, 1986.

Conant, R. T., Ryan, M. G., Agren, G. 1., Birge, H. E., Davidson, E. A., Eliasson, P. E., Evans, S. E., Frey, S. D., Giardina, C.
P., Hopkins, F. M., Hyvonen, R., Kirschbaum, M. U. F., Lavallee, J. M., Leifeld, J., Parton, W. J., Megan Steinweg, J.,
Wallenstein, M. D., Martin Wetterstedt, J. A., and Bradford, M. A.: Temperature and soil organic matter decomposition rates
- synthesis of current knowledge and a way forward, Glob. Chang. Biol., 17, 3392-3404, https://doi.org/10.1111/j.1365-
2486.2011.02496.x, 2011.

Conrad, R.: Methane Production in Soil Environments — Anaerobic Biogeochemistry and Microbial Life between Flooding
and Desiccation, 1-12, 2020.

Crestey-chury, T., Darnajoux, R., Sauvage, S., Aurela, M., Carles, N., Dobbelaer, T., Escarmena, L., Gandois, L., Juutinen,

15



425

430

435

440

445

450

455

https://doi.org/10.5194/egusphere-2026-3623
Preprint. Discussion started: 22 July 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

S., Larmola, T., Mander, U., Poblador, S., Raman, M., Sabater, F., Schindler, T., Soosaar, K., and Ukonmaanaho, L.: Article
in Press approaches to characterise denitrification-driven nitrous oxide hot moments in European wetlands IN, 2026.
Davidson, E. A. and Janssens, I. A.: Temperature sensitivity of soil carbon decomposition and feedbacks to climate change,
Nature, 440, 165—173, https://doi.org/10.1038/nature04514, 2006.

Escarmena, L., Roca, N., Riera, J. L., Sauras-Yera, T., Sabaté, S., and Sabater, F.: Impact of a WWTP effluent overland flow
on the properties of a  mediterranean  riparian  soil, J.  Environ. @ Manage., 366, 121778,
https://doi.org/https://doi.org/10.1016/j. jenvman.2024.121778, 2024.

Escarmena, L., Roca, N., Garcia-Paino, N., Morgui, J.-A., Poblador, S., Riera, J. L., Sabaté, S., Sauras-Yera, T., Solis-Llerena,
J., and Sabater, F.: Bridging constructed wetlands and riparian buffer zones: A hybrid subsurface flow system for wastewater
treatment, J. Water Process Eng., 71, 107435, https://doi.org/https://doi.org/10.1016/j.jwpe.2025.107435, 2025.

Garisoain, R., Jacotot, A., Delire, C., Binet, S., Le Roux, G., Gascoin, S., Rosset, T., Gogo, S., Granouillac, F., Payre-Suc, V.,
and Gandois, L.: Mountain Peatlands and Drought: Carbon Cycling in the Pyrenees Amidst Global Climate Change, J.
Geophys. Res. Biogeosciences, 129, €¢2024JG008041, https://doi.org/https://doi.org/10.1029/2024JG00804 1, 2024.

Hanson, P. J., Edwards, N. T., Garten, C. T., and Andrews, J. A.: Separating root and soil microbial contributions to soil
respiration: A review of methods and observations, Biogeochemistry, 48, 115-146, https://doi.org/10.1023/A:1006244819642,
2000.

Hao, Y., Mao, J., Bachmann, C. M., Hoffman, F. M., Koren, G., Chen, H., Tian, H., Liu, J., Tao, J., Tang, J., Li, L., Liu, L.,
Apple, M., Shi, M., Jin, M., Zhu, Q., Kannenberg, S., Shi, X., Zhang, X., Wang, Y., Fang, Y., and Dai, Y.: Soil moisture
controls over carbon sequestration and greenhouse gas emissions: a review, npj Clim. Atmos. Sci.,
https://doi.org/10.1038/s41612-024-00888-8, 2025.

Hénault, C., Grossel, A., Mary, B., Roussel, M., and Léonard, J.: Nitrous Oxide Emission by Agricultural Soils: A Review of
Spatial and Temporal Variability for Mitigation, Pedosphere, 22, 426—433, https://doi.org/https://doi.org/10.1016/S1002-
0160(12)60029-0, 2012.

Hutchinson, G. L. and Livingston, G. P.: Use of chamber systems to measure trace gas fluxes, ASA Spec. Publ., 1993.

Id, L. S., Id, T. H., Parente, L. L., and Minarik, R.: Open Soil Spectral Library ( OSSL ): Building reproducible soil calibration
models through open development and community engagement, 1-35 pp., https://doi.org/10.1371/journal.pone.0296545,
2025.

Jahangir, M. M. R., Khalil, M. L., Johnston, P., Cardenas, L. M., Hatch, D. J., Butler, M., Barrett, M., O, V., and Richards, K.
G.: Denitrification potential in subsoils: A mechanism to reduce nitrate leaching to groundwater, "Agriculture, Ecosyst.
Environ., 147, 13-23, https://doi.org/10.1016/j.agee.2011.04.015, 2012.

Kanaan, R., Darnajoux, R., Escarmena, L., Sauvage, S., Camboulive, T., Druilhe, J.-L., and Sanchez-Pérez, J. M.: A New
Method to Investigate Denitrification Dynamics During Simulated Floods in Soils, Eur. J. Soil Sci., 76, 70098,
https://doi.org/https://doi.org/10.1111/ejss.70098, 2025.

Kandel, T. P., Laerke, P. E., and Elsgaard, L.: Annual emissions of CO2, CH4 and N20O from a temperate peat bog: Comparison

16



460

465

470

475

480

485

490

https://doi.org/10.5194/egusphere-2026-3623
Preprint. Discussion started: 22 July 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

of an undrained and four drained sites under permanent grass and arable crop rotations with cereals and potato, Agric. For.
Meteorol., 256-257, 470—481, https://doi.org/10.1016/j.agrformet.2018.03.021, 2018.

Knox, N. M., Grunwald, S., McDowell, M. L., Bruland, G. L., Myers, D. B., and Harris, W. G.: Modelling soil carbon fractions
with visible near-infrared (VNIR) and mid-infrared (MIR) spectroscopy, Geoderma, 239-240, 229-239,
https://doi.org/https://doi.org/10.1016/j.geoderma.2014.10.019, 2015.

Kuzyakov, Y.: Sources of CO2 efflux from soil and review of partitioning methods, Soil Biol. Biochem., 38, 425448,
https://doi.org/https://doi.org/10.1016/j.50ilbi0.2005.08.020, 2006.

Latter, P. M. and Howson, G.: The use of cotton strips to indicate cellulose decomposition in the field, Pedobiologia (Jena).,
17, 145—155, https://doi.org/https://doi.org/10.1016/S0031-4056(23)00158-0, 1977.

Latter, P. M., Bancroft, G., and Gillespie, J.: Technical aspects of the cotton strip assay in soils, Int. Biodeterior., 24, 25-47,
https://doi.org/https://doi.org/10.1016/0265-3036(88)90073-5, 1988.

Lebrun, J. D., Ayrault, S., Drouet, A., Bordier, L., Fechner, L. C., Uher, E., Chaumont, C., and Tournebize, J.: Ecodynamics
and bioavailability of metal contaminants in a constructed wetland within an agricultural drained catchment, Ecol. Eng., 136,
108-117, https://doi.org/https://doi.org/10.1016/j.ecoleng.2019.06.012, 2019.

Lehmann, J. and Kleber, M.: The contentious nature of soil organic matter., Nature, 528, 60-68,
https://doi.org/10.1038/nature16069, 2015.

Li, L., Awada, T., Zhang, Y., and Paustian, K.: Global Land Use Change and Its Impact on Greenhouse Gas Emissions, Glob.
Chang. Biol., 30, e17604, https://doi.org/https://doi.org/10.1111/gcb.17604, 2024.

Lin, L. L-K.: A Concordance Correlation Coefficient to Evaluate Reproducibility, Biometrics, 45, 255-268,
https://doi.org/10.2307/2532051, 1989.

Mammadov, E., Denk, M., and Mamedov, A. I.: Predicting Soil Properties for Agricultural Land in the Caucasus Mountains
Using Mid-Infrared Spectroscopy, 1-25, 2024.

Mander, U., Tournebize, J., Espenberg, M., Chaumont, C., Torga, R., Garnier, J., Muhel, M., Maddison, M., Lebrun, J. D.,
Uher, E., Remm, K., Pérn, J., and Soosaar, K.: High denitrification potential but low nitrous oxide emission in a constructed
wetland treating nitrate-polluted agricultural run-off, Sci. Total Environ., 779, 146614,
https://doi.org/https://doi.org/10.1016/j.scitotenv.2021.146614, 2021.

Margenot, A. J., Parikh, S. J., and Calderon, F. J.: Fourier-transform infrared spectroscopy for soil organic matter analysis,
Soil Sci. Soc. Am. J., 87, 1503—1528, https://doi.org/https://doi.org/10.1002/saj2.20583, 2023.

Mcnicol, G. R., Layton, A. T., and Basu, N. B.: Understanding the balance between methane production and oxidation from
wetlands : insights from a reduced process-based model, 2309-2333, 2026.

Le Mer, J. and Roger, P.: Production, oxidation, emission and consumption of methane by soils: A review, Eur. J. Soil Biol.,
37, 25-50, https://doi.org/https://doi.org/10.1016/S1164-5563(01)01067-6, 2001.

Ninot, J. M., Miyasiro-L’ opez, M. ia G., Mart’ inez-Amigo, V., Carrillo, E., Pladevall-Izard, E. alia, and P’ erez-Haase, A.:
Intricate spatial soil carbon distribution in four Pyrenean mires, Mires Peat, 32, 20, https://doi.org/10.19189001¢.144690, 2025.

17



495

500

505

510

515

520

525

https://doi.org/10.5194/egusphere-2026-3623
Preprint. Discussion started: 22 July 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

Poblador, S.: Responses of Mediterranean riparian forests to water availability: Insights of present and future conditions. A
case study in La Tordera catchment = Respostes dels boscos de ribera mediterranis a la disponibilitat d’aigua: estudi de les
condicions present, 2018.

Reichstein, M., Rey, A., Freibauer, A., Tenhunen, J., Valentini, R., Banza, J., Casals, P., Cheng, Y., Gru, J. M., Irvine, J.,
Joffre, R., Law, B. E., Loustau, D., Miglietta, F., Oechel, W., Ourcival, J., Pereira, J. S., Peressotti, A., Ponti, F., Qi, Y.,
Rambal, S., Rayment, M., Romanya, J., and Rossi, F.: Modeling temporal and large-scale spatial variability of soil respiration
from soil water availability , temperature and vegetation productivity indices, 17, https://doi.org/10.1029/2003GB002035,
2003.

Robertson, G. P. and Groffman, P. M.: Nitrogen Transformations, 4th ed., Elsevier Inc., 421-446 pp.,
https://doi.org/10.1016/B978-0-12-415955-6.00014-1, 2015.

Rossel, R. A. V., Behrens, T., Ben-dor, E., Brown, D. J., Dematté, J. A. M., Shepherd, K. D., Shi, Z., Stenberg, B., Stevens,
A., Adamchuk, V., Aichi, H., Barthés, B. G., Bartholomeus, H. M., Bayer, A. D., Bernoux, M., Béttcher, K., Brodsky, L., Du,
C. W., Chappell, A., Fouad, Y., Genot, V., Gomez, C., Grunwald, S., Gubler, A., Guerrero, C., Hedley, C. B., Knadel, M.,
Morras, H. J. M., Nocita, M., Ramirez-lopez, L., Roudier, P., Campos, E. M. R., Sanborn, P., Sellitto, V. M., Sudduth, K. A.,
Rawlins, B. G., Walter, C., Winowiecki, L. A., Hong, S. Y., and Ji, W.: A global spectral library to characterize the world ’ s
soil, 155, 198-230, https://doi.org/10.1016/j.earscirev.2016.01.012, 2016.

Salm, J.-O., Maddison, M., Tammik, S., Soosaar, K., Truu, J., and Mander, U.: Emissions of CO2, CH4 and N20 from
undisturbed, drained and mined peatlands in Estonia, Hydrobiologia, 692, 41-55, https://doi.org/10.1007/s10750-011-0934-7,
2012.

Sanderman, J., Savage, K., and Dangal, S. R. S.: Mid-infrared spectroscopy for prediction of soil health indicators in the United
States, 251-261, https://doi.org/10.1002/saj2.20009, 2020.

Schaufler, G., Kitzler, B., Schindlbacher, A., Skiba, U., Sutton, M. A., and Zechmeister-Boltenstern, S.: Greenhouse gas
emissions from European soils under different land use: effects of soil moisture and temperature, Eur. J. Soil Sci., 61, 683—
696, https://doi.org/https://doi.org/10.1111/j.1365-2389.2010.01277.x, 2010.

Schmidt, M. W. L., Torn, M. S., Abiven, S., Dittmar, T., Guggenberger, G., Janssens, 1. A., Kleber, M., Kégel-Knabner, I.,
Lehmann, J., Manning, D. A. C., Nannipieri, P., Rasse, D. P., Weiner, S., and Trumbore, S. E.: Persistence of soil organic
matter as an ecosystem property, Nature, 478, 49-56, https://doi.org/10.1038/nature10386, 2011.

Seybold, C. A., Nester, B., Schoeneberger, P., and Hoover, D.: Application of Mid-Infrared Spectroscopy in Soil Survey,
https://doi.org/10.2136/sssa2j2019.06.0205, 2026.

Smith, K. A., Ball, T., Conen, F., Dobbie, K. E., Massheder, J., and Rey, A.: Exchange of greenhouse gases between soil and
atmosphere: interactions of soil physical factors and biological processes, Eur. J. Soil Sci., 69, 10-20,
https://doi.org/https://doi.org/10.1111/ejss.12539, 2018.

Stenberg, B., Viscarra Rossel, R. A., Mouazen, A. M., and Wetterlind, J.: Visible and Near Infrared Spectroscopy in Soil
Science, 1st ed., Elsevier Inc, 163-215 pp., https://doi.org/10.1016/S0065-2113(10)07005-7, 2010.

18



530

535

https://doi.org/10.5194/egusphere-2026-3623
Preprint. Discussion started: 22 July 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

Tenhovirta, S. A. M., Palviainen, M., Hillgén, O., Saari, A., Jetsonen, J., Peltomaa, E., and Laurén, A.: Soil Physical Properties
in Estimating the CO 2 Emissions in Drained Peatland Forests, https://doi.org/10.1029/2026JG009736, 2026.

Toéth, G., Jones, A., and Montanarella, L.: The LUCAS topsoil database and derived information on the regional variability of
cropland topsoil properties in the European Union., Environ. Monit. Assess., 185, 7409-7425, https://doi.org/10.1007/s10661-
013-3109-3, 2013.

Wold, S., Sjostrom, M., and Eriksson, L.: PLS-regression: a basic tool of chemometrics, Chemom. Intell. Lab. Syst., 58, 109—
130, https://doi.org/https://doi.org/10.1016/S0169-7439(01)00155-1, 2001.

19



https://doi.org/10.5194/egusphere-2026-3623
Preprint. Discussion started: 22 July 2026
(© Author(s) 2026. CC BY 4.0 License.

EGUsphere\

Appendix
Country Site Coordinates Soil type Description
66°2021.1"™N Drained peatland forest. Partly herb-rich type IL, partly V. myrtillus
Finland Kivalo on e N Peat soil type II drained peatland forest site type. Mixed spruce & birch
26°36'25.5"E . .
stand. Spruce is the dominant tree.
. 60°38'35.0"N, .. Drained peatland forest. Vaccinium myrtillus type II drained
Finland Lettosuo 23°57'35.8"E Peat soil peatland forest site. Mixed pine-dominated stand.
Open peatland. Vegetation includes common heather (Calluna
. . 58°47'26" N, .. vulgaris), Hare’s-tail cottongrass (Eriophorum vaginatum),
Estonia Laiuse 26°31'45" E Peat soil crowberry (Empetrum nigrum), Scots pine (Pinus sylvestris),
polytrichum mosses, and sedges (Carex spp.).
onor " Open peatland. Dwarf bog pine trees, forest floor vegetation
. 58°28'28.43" N, o
Estonia Kuresoo o1 " Peat soil includes patches of hummocks, wet cotton grass. Sphagnum moss
25°12'30.26" E . .
is dominant (Salm et al., 2012).
Open peatland. Natural revegetation dominated by cranberry,
. 57°54'53" N, .. crowberry  (Empetrum  nigrum), Hare’s-tail  cottongrass
Estonia Ess-soo 26°41'51"E Peat soil (Eriophorum vaginatum), common heather (Calluna vulgaris), and
white beak-sedge (Rhynchospora alba).
Latvia Kengi 57°19'21.8"N, Peat soil Reforested farmland. Reforested with black alder (4/nus glutinosa
& 26°4'12.9"E (L.) Gaertn). Hemiboreal vegetation zone.
o Anr " Agroforestry plantation. Blueberry and cranberry plantations, Scots
. . 56°42'47.0" N, . . . . . . _
Latvia Kaigu 0 s " Peat soil  pine (Pinus sylvestris L.), hemiboreal vegetation zone (Bardule et
23°36'25.7"E
al., 2024).
56°41737.9" N Drained peatland forest. Characterised by a birch stand. Afforested
Latvia Plavi e Peat soil ~ with silver birch (Betula pendula Roth). Hemiboreal vegetation
25°41'17.1"E
zone (Butlers et al., 2025).
. 56°13"48.5"N, .. Agroforestry and reforested farmland. Hybrid poplar, reforested
Latvia Rucav 21°7'26.1"E Peat soil with spruce (Picea abies (L.) Karst.). Hemiboreal vegetation zone.
. Zuidleie 51°9'16.1" N, . . .
Belgium Valley 3°16' 63" E Peat soil  Open peatland. Molinia (Molinion caeruleae) meadow.
. 51°5'27.7"N, . L . . .
Belgium  Zwarte Beek 591921 5" E Peat soil  Floodplain with partially buried peat. Quacking fen.
. 50° 49" 10.8" N, Alluvial Alluv.lal ﬂoodplal.n with burle.d peat. Dominated by AlopecurlQn,
Belgium  Dyle Valley o ~or " ) Calthion (Calthion palustris), Common reed (Phragmites
4°38'46.6" E soil .
australis).
Constructed wetland receiving agricultural runoff. Dominated by
France Rampillon 48°32'19.3"N, Alluvial  blue rush (Juncus inflexus), common reed (Phragmites australis),
P 3°3'46.6" E soil vernal water-starwort (Callitriche palustris), and sedge (Carex
riparia) (Lebrun et al., 2019; Mander et al., 2021).
France Confluent 43°31'19.5"N, Alluvial  Floodplain. Gallery forests of white willow are often accompanied
1°24'54.0"E soil by black poplar and oxyphyllous ash (Kanaan et al., 2025).
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Country Site Coordinates Soil type Description
Mountain open peatland. The site is characterized by the presence
42°48' 00" N, .. of scattered dwarf pines and ashes in the driest patches, while in the
France Bernadouze o ner 1An Peat soil . . . .
1°25" 12" E wetter, lower-lying areas pioneer willows, dwarf juniper, and thorn
bushes occur (Garisoain et al., 2024).
on1r . Mountain open peatland. Dominated by different Sphagnum and
42°41'19.7"N, . . . . .
France Col de Jau o1 A1 " Peat soil  vascular plant species. single dominant Sphagnum species is S.
2°14'02.4"E .
warnstor fii (Kanaan et al., 2025).
Spain Estanveres 42°36'26.3" N, Peat soil Mountain open peatland. Rich fen with Carex davalliana (Ninot et
P Y 1°3'30.8" E al., 2025).
. . 42°24'39.6" N, .. Mountain open peatland. Acidic fen of Carex nigra (Ninot et al.,
Spain Rubid 1°14' 175" E Peat soil 2025).
Spain Tordera 41°42' 445" N, Alluvial  Floodplain. Mixed forest of Quercus robur and Fraxinus
p 2°43'21.6"E soil  angustifolia (Poblador, 2018)
Riparian forest intermittently receiving secondary-treated
. ‘ 41° 40' 57.5" N, Alluvial wastewater. Df)mlngted by Alnus glutz'nosa accompanleq by
Spain Canoves 2091720 3" E soil Platanus x Hispanica, Fraxinus excelsior and Ulmus minor.

Abundant macrophytes such as Carex (Escarmena et al., 2025,
2024).

Table Al: Summary of all study sites, including the country, name of the site, coordinates, soil type, and a brief description of the

540 wetland type and vegetation.
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Figure Al: Measured versus FTIR-predicted soil heterotrophic (CO2—C m™ h™') respiration, CHs and N20 (ug m2 h™!) emissions

for different soil layers. HR10, HR15, and HR20 correspond to heterotrophic respiration at soil temperatures of 10, 15, and 20 °C,

respectively. Points represent soil sample-averaged predicted values derived from replicate FTIR measurements. Solid lines represent linear

regression fits, and dashed lines indicate the 1:1 relationship corresponding to perfect agreement between measured and predicted values.

Separate panels are shown for each greenhouse gas-soil layer combination, with independently scaled axes to improve visualisation of

differences in prediction performance across variables and layers.
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Parameter Layer n IQR R? CCC RMSE MAE Bias RPD RPIQ
CHa4 0-10 cm 87 9...1906 0.63 0.77 1020.06 657.83 -3.83 1.64 1.86
CHa4 0-20 cm 172 9...1906 0.61 0.76 1046.94 647.9 12.03 1.6 1.81
CHa4 10-20 cm 85 9...1906 0.62 0.77 1031.68 660.04 4.18 1.63 1.84
CH4 20-40 cm 286 -13...1650 0.66 0.8 922.4 620.28 13.48 1.71 1.8

HR10 0-10 cm 116 42...86 0.72 0.84 19.24 15.62 0.31 1.89 227
HR10 0-20 cm 230 43...87 0.7 0.82 20.06 15.91 -0.16 1.82 2.2
HR10 10-20 cm 114 43...87 0.68 0.81 20.7 16.55 -0.04 1.78 2.13
HR10 20-40 cm 287 28...89 0.81 0.9 18.31 13.89 0.07 2.29 3.28
HR15 0-10 cm 118 43...122 0.72 0.84 35.77 26.82 -0.64 1.9 2.19
HR15 0-20 cm 234 43...121 0.73 0.84 35.24 27.19 -0.19 1.92 2.21
HR15 10-20 cm 116 43...121 0.67 0.81 38.69 29.14 -0.89 1.74 2
HR15 20-40 cm 284 35...135 0.78 0.88 36.39 26.11 0.16 2.13 2.75
HR20 0-10 cm 116 66...186 0.59 0.76 76.23 53.38 -0.42 1.56 1.59
HR20 0-20 cm 232 62...185 0.67 0.81 68.84 50.97 -0.33 1.73 1.78
HR20 10-20 cm 116 54...180 0.5 0.69 83.82 53.77 -1.71 1.42 1.51
HR20 20-40 cm 284 66...201 0.6 0.76 87.9 57.93 0.84 1.58 1.54
N20 0-10 cm 87 -18...4 0.18 0.36 148.75 76.27 -7.89 1.11 0.14
N20 0-20 cm 172 -4..4 0.47 0.65 119.26 60.9 1.64 1.38 0.07
N20 10-20 cm 85 0...5 0.63 0.78 99.71 56.47 0.11 1.66 0.04
N2O 20-40 cm 277 1...13 0.15 0.27 54.9 28.95 -1.45 1.09 0.22
DR 0-10 cm 53 0.02...0.07 0.83 0.9 0.01 0.01 0 2.44 4.19
Dp 0-10 cm 77 25.6...71.7 0.45 0.61 38.6 30.1 4.96 1.34 1.35
N2O* 0-10 cm 57 12.5...66.4 0.68 0.78 214 17.5 6.2 1.69 2.52

Table A2: Performance metrics of FTIR calibration models across different soil layers. HR10, HR15, and HR20 correspond to
heterotrophic respiration (CO2>—C m™ h™') at soil temperatures of 10, 15, and 20 °C, respectively. DR = decomposition rate (dd'); DP =

555 denitrification potenial (nmol N2O hr™!' g™1); N2O* = N>O emissions measured during laboratory incubation (nmol N2O hr™! g™'); CHs and
N20 in pg m? h''. Model performance was evaluated using soil sample-averaged predicted values derived from replicate FTIR
measurements. Metrics include the coefficient of determination (R?), Lin’s concordance correlation coefficient (CCC), root mean square
error (RMSE), mean absolute error (MAE), bias, residual prediction deviation (RPD), and ratio of performance to interquartile distance
(RPIQ). Interquartile range (IQR) represents the range between the first (Q1) and third (Q3) quartiles of measured values. Higher values of

560 R2?, CCC, RPD, and RPIQ indicate improved predictive performance, whereas lower RMSE, MAE, and absolute bias values indicate lower
prediction error.
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