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ABSTRACT

Moisture content affects soil reflectance in the optical domain (400-2500nm), acting as a confounding factor in soil property
prediction models. Soil reflectance needs to be simulated efficiently for varying levels of soil moisture, in order to aid soil prop-
erty prediction efforts and inform physical land surface models. Here, we built on previous work that investigated how soil
reflectance decreases with increasing soil moisture. We explored how the relationship between the reflectance and soil moisture
content changes as a function of wavelength and soil characteristics. For this purpose, we acquired the spectra of 28 soil samples
from various locations across Europe in a laboratory setting, at different levels of soil moisture. The soil reflectance-moisture
relationship was found to be wavelength-dependent and best represented by decreasing exponential functions. The rates of ex-
ponential decrease, however, varied across soil samples and were normalised to isolate effects of different soil characteristics. It
was found that organic carbon (OC), clay and silt content displayed a statistically significant relationship with the normalisation
factor, a proxy for how quickly soil ‘darkens’ with increasing soil moisture content. A multiple linear regression model was used
to describe the normalisation factor based on OC content and soil textural information. The resulting model was able to explain
67% of the variance, with OC and clay content accounting for almost 70% of the relative feature importance. Our findings call
for the inclusion of OC content and textural information, especially clay content, in physical models of soil moisture-reflectance,
for more efficient simulations of soil reflectance at varying levels of soil moisture, to support climate models and soil property
predictions efforts based on field and remotely sensed data.

1 | Introduction

Soil reflectance, defined as the ratio of incident to reflected
light intensity across different wavelengths, is influenced by
the chemical, physical, and biological characteristics of soil (Li
et al. 2021). In the visible (VIS) range of the electromagnetic
spectrum (400-700 nm), soil reflectance is affected by iron oxide
content, which confers a red-brown or yellow hue to the soil and
is contained in minerals such as hematite and goethite, respec-
tively (Ben-Dor and Dematté 2015). In the near-infrared and
shortwave infrared (NIR-SWIR, 700-2500nm), reflectance is
affected by the OH group of clay minerals and the C—O bond of
carbonates (Ben-Dor and Dematté 2015). Organic carbon (OC)

content has a pervasive effect on reflectance across the entire
optical domain, as does soil texture, because coarser particles
result in an irregular surface that can cause micro-shadowing
effects (see Baumgardner et al. 1986).

Soil reflectance provides a fingerprint of soil properties and can
be used to calibrate soil spectra against traditional laboratory
measurements to obtain quantitative estimates, a technique
known as soil spectroscopy (Viscarra Rossel et al. 2022). In soil
spectroscopy studies, soil samples are typically air or oven-dried
and finely milled in a laboratory to avoid the confounding ef-
fects of soil moisture content and variable particle size (Nocita
et al. 2015). However, in real-world settings, soil moisture
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Highlights
« Reflectance-moisture relationship of 28 European
soils varies based on wavelength and soil type.

« Rate of reflectance decrease with increasing moisture
was normalised across different soil types.

« OC, clay, and silt content affected the rate of reflec-
tance decrease with increasing soil moisture.

» Model proposed to describe soil reflectance decrease
with moisture based on soil OC and texture.

content is rarely zero, and is highly spatially and temporally
variable (Ben-Dor and Dematté 2015; Castaldi et al. 2015).

Water can be found in the soil matrix in three separate forms:
incorporated into the mineral lattice (hydrated), adsorbed
bound to the surface of the soil particles as a thin layer (hygro-
scopic), or as free water occupying the pore space (which makes
up ~50% of soil volume), to varying degrees until saturation,
when all pore space is filled by water (Ben-Dor 2002). While
hygroscopic water causes OH absorption features around 1400
and 1900nm, free water decreases soil reflectance across the
whole electromagnetic spectrum (Ben-Dor and Dematté 2015).
In fact, to the human eye, soil looks darker when wet, which
was first investigated in the laboratory around 100years ago
(Angstrom 1925). This phenomenon has been attributed to the
refractive index of soil being more similar to that of water than
that of air, which results in decreased light scattering when soil
moisture content increases, leading to decreased soil reflectance
(Twomey et al. 1986). It is now widely accepted that the SWIR
region (1000-2500nm) is particularly suited to monitor changes
in soil moisture, because reflectance in this region continues to
respond to increasing volumetric soil water content (until ~50%),
whereas visible wavelengths saturate at around 20% (Lobell and
Asner 2002). More recently, physical models have been devel-
oped that rely on the principles of radiative transfer theory, such
as MARMIT and MARMIT-2, which represent wet soil as a layer
of dry soil covered by a layer of water (Bablet et al. 2018; Dupiau
et al. 2022). The downsides of physical models like MARMIT,
however, are that input parameters are difficult to determine
and soil properties are not accounted for (Sadeghi et al. 2015).

Satellite soil reflectance can be used to derive soil albedo, an im-
portant input to climate and land surface models. Nevertheless,
in these models, the variation in soil albedo due to surface soil
moisture is either ignored or oversimplified (He et al. 2019; Liu
et al. 2014). The relationship between soil albedo, soil moisture
and soil properties is still poorly understood and could introduce
uncertainty in climate models (He et al. 2019). Furthermore,
moisture in field or remotely-sensed spectra can affect and mask
the reflectance signals of other soil properties, consequently
skewing spectroscopy-based soil property predictions (Knadel
et al. 2023). With the increasing emergence of narrowband hy-
perspectral satellites and handheld devices for in situ soil mon-
itoring, it is increasingly relevant to account for the presence of
water in spectra acquired under field conditions (Sanderman
et al. 2025). The confounding effect of soil moisture can be re-
moved by mathematical techniques, such as external parame-
ter orthogonalisation (EPO) (Roger et al. 2003). EPO has been

shown to improve prediction of soil OC content for spectral mea-
surements collected at variable levels of soil moisture (Minasny
et al. 2011). EPO requires a large calibration dataset; however,
of ideally at least 60 samples, for which soil properties and soil
spectra at different levels of soil moisture need to be measured
in laboratory conditions (Minasny et al. 2011).

At the same time, other semi-empirical studies based on spec-
troscopic observation describe soil reflectance as a function
of soil moisture using, for instance, regression (Lobell and
Asner 2002; Muller and Decamps 2001) or spectral soil mois-
ture band ratio indices (Haubrock et al. 2008). It is generally
accepted that soil reflectance decreases exponentially with in-
creasing soil moisture content (Lobell and Asner 2002), and that
this relationship decreases non-linearly until a critical water
saturation point, determined by the soil's hydraulic properties,
beyond which reflectance increases with increasing soil mois-
ture (Weidong et al. 2002). Other studies have suggested a linear
regression model best approximates this relationship (McGuirk
and Cairns 2024; Muller and Decamps 2001). However, few
models exist that were validated on different soil types, and the
connection between soil properties, soil moisture content and
spectral reflectance remains a problem to be addressed (Dupiau
et al. 2022; Tian and Philpot 2015).

In this study, the laboratory soil moisture-reflectance relation-
ship in the optical domain was investigated for 28 different
European soils. Our goal was two-fold: (i) to identify which soil
properties affect the soil moisture-reflectance relationship; (ii)
to develop a semi-empirical model that describes how soil prop-
erties affect reflectance under varying moisture content. The
results could be included in physical climate models to obtain
more reliable bare soil albedo estimates based on soil moisture
and soil properties, or in future simulations of soil reflectance
for varying levels of soil moisture to improve soil property pre-
dictions using field or remotely sensed spectra.

2 | Methods

Across the European Union, soil properties are monitored
through the Land Use/Coverage Area Frame Survey (LUCAS)
soil module, a soil sampling campaign aimed at collecting har-
monised soil property information at 0-20cm depth. The most
recent LUCAS survey for which data is publicly available was
carried out in 2018, and a total of 18,984 samples were analysed
(Fernandez-Ugalde et al. 2022).

The Joint Research Centre (JRC) in Ispra (Italy) provided subsa-
mples for 27 topsoil samples from the LUCAS 2018 survey. We
briefly describe the selection procedure of the 27 samples. First,
we restricted the LUCAS 2018 database to include samples for
which organic carbon (OC), CaCO, content, bulk density and
oxalate iron (Ox_Fe) content were measured. Second, we ex-
cluded samples belonging to non-annual cropland (olive groves,
vineyards, other fibre and oleaginous crops, tomatoes, strawber-
ries, nurseries, floriculture and ornamental plants, other citrus
fruits, other fruit trees and berries, cherry fruit, pear fruit, apple
fruit, oranges, nuts trees, permanent industrial crops). Third, we
restricted ourselves to the locations that were repeated across
the LUCAS surveys and appended LUCAS 2009 sand, silt and
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clay information, with sand referring to soil particles of size
2-0.05mm, silt to particles of size 0.05-0.002 mm and clay par-
ticles of size <0.002mm (Jones et al. 2020). These steps resulted
in a total of 388 samples.

The cube algorithm (Grafstrom and Lisic 2018) was then used
to select samples (n=27) balanced on OC, clay, CaCO,, Ox_Fe
content and spread across location (latitude and longitude). All
covariates were scaled to unit variance. We specifically chose
the cube algorithm to approximate the distributions of the
target covariates, while maximising the geographical spread
across Europe, to increase the variability of soil conditions
within the selected sample. We then located 26 of these sam-
ples in the LUCAS soil archive and obtained subsamples from
each of ~60g. As one of the target samples selected by the cube
algorithm could not be located in the LUCAS soil archive, and
the LUCAS 2018 Spanish samples had not been archived at the
time of soil sample selection, one sample from Spain with sim-
ilar OC, clay and CaCO, content as the original sample was
selected instead from the unarchived samples to improve cov-
erage in this Mediterranean region. Finally, to extend coverage
beyond the European Union, one additional sample was col-
lected in August 2023 from the University of Leeds research
farm in northern England (53° 52" 25.2”” N, 1° 19’ 47.0"” W).
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Its soil properties were measured at the University of Leeds
Geography laboratories following the same protocols as LUCAS
when possible: dry combustion for OC content (EuroEA3106),
pyrophosphate extraction and ICP analysis for Ox_Fe content
(Blakemore et al. 1987), titration for CaCO, content (Allen
et al. 1974) and settling, sieving and gravimetry for particle
size (van Reeuwijk 1995). A map of the selected soil samples
is shown in Figure 1, while a summary of the properties of the
soil samples used in this study is presented in Table 1.

The 28 samples used in this study represent a proportional
subset of European cropland soils. The dataset is largely com-
posed of Luvisols and Cambisols—the dominant agricultural
soil types across the EU, accounting for ~55% of LUCAS 2018
topsoil cropland points—with limited representation of Podzols
and Regosols, and no representation of other soil types such as
Planosols or Calcisols. Three Mediterranean soils were included.
Soil hue, indicating colour variability driven by mineralogical
differences (e.g., CaCO, and iron oxides), was measured using
the Munsell colour chart to illustrate the chromatic range of the
samples (see Table 1). Although this dataset does not capture
the full pedological or chromatic diversity of European cropland
soils, it includes a large proportion of the dominant soil types
used for cropland across the EU (Cambisols and Luvisols), and
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FIGURE1 | Provenance of the 28 soil samples used in this study against European biogeographical regions and their properties in comparison to

cropland LUCAS 2018 topsoil data. Source: EEA (2016).
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it was selected specifically to represent the variation in key soil
properties relevant to optical behaviour: wide ranges of OC con-
tent (5-75.3gkg™), clay (2%-62%), sand (1%-95%), silt (3%-90%),
CaCO, (0-369gkg™) and Ox_Fe content (0.3-9.7mgkg™") were
captured in the selected samples.

On return to the University of Leeds laboratories, all soil samples
were oven-dried at 30°C for 48h to remove any residual soil mois-
ture, and sieved to 2mm. For each sample, ~50g of soil was placed
into 90-mm diameter petri dishes, producing a layer approxi-
mately 0.7cm thick (see Appendix A, Figure A1). The amount of
soil added to the petri dish was calculated to approximate the field
bulk density measured in situ, ensuring that the soil volume and
packing conditions during measurement reflected field conditions
as closely as possible. Although rock fragment content was not ac-
counted for, lightly packing the soil allowed us to reproduce the
target bulk density, which can affect spectral behaviour under con-
trolled conditions. Then, the 350-2500nm reflectance of the dry
soil samples was collected in the laboratory at a sampling interval
of 1nm using an SVC 1024HR-i spectroradiometer. This was fit-
ted with a hand-held contact probe, connected via an optical fibre
and containing a 5W tungsten halogen light source. The contact
probe was held perpendicular to and in direct contact with the
soil surface to reduce the effect of surrounding light and atmo-
spheric water content during scans (see Appendix A, Figure A2a).
We wanted to use the same protocol for both the dry and wet soil
reflectance measurements. Therefore, to minimise the risk of dry-
ing the soil surface in-between scans for a wet soil, a scan time of
2s was chosen, while the contact probe light was set to medium
power. The sensor was optimised and calibrated with a white
Spectralon tile every 4th measurement. For each sample and level
of soil moisture, three replicate scans were collected at different
locations within the petri dish and then averaged. To exclude noisy
ranges, the spectral interval was narrowed to 400-2500nm.

After collecting dry soil reflectance, the dry samples were
weighed and water was slowly poured from a graduated cyl-
inder, allowing precise control of the volume applied to each
sample to reach ~35% gravimetric soil moisture. Care was taken
while adding water to minimise disturbance of the soil surface
and maintain its natural structure and roughness within the
petri dish. The petri dishes were covered with lids for ~2h to
allow moisture homogenisation within the soil sample. After
2h, the samples were weighed to calculate the new gravimetric
soil moisture content using Equation (1):

(Ww — Wd)

W @

Soil moisture (gravimetric) =

where W, is the weight of the wet sample and W, is the weight of
the dry sample. After determining the gravimetric soil moisture,
the soil reflectance was measured for that level of soil moisture
content.

The petri dishes were then placed in a vacuum pressure oven at
30°C for about an hour (consistent with a ~5% gravimetric soil
moisture decrease), re-weighed to calculate the new gravimetric
soil moisture content, covered with a lid for approximately 30 min
to ensure moisture homogenisation within the sample, weighed
again to ensure no moisture loss, and finally scanned again, fol-
lowing the same protocol with the spectroradiometer. The samples
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were then placed in the vacuum oven again to dry the soil further,
and the process was repeated for 30%, 25%, 20%, 15%, 10%, 5%
gravimetric soil moisture contents, until the samples returned to
being dry again. For samples that did not reach saturation at 35%
gravimetric soil moisture, the experiment was repeated increasing
the amount of water added. For a schematic summary of the re-
wetting and drying process, see (Appendix A, Figure A2b). Scans
acquired under visibly waterlogged conditions were discarded.
The gravimetric moisture content was converted to volumetric
moisture content by multiplying by each sample's bulk density,
determined from soil cores collected in the field and analysed in
the laboratory. Then, the reflectance at each wavelength between
400 and 2500nm was plotted against volumetric soil moisture,
and an exponential decreasing function Equation (2), Lobell and
Asner (2002) was fitted through the points:

y=axe *+b )

where y is the soil reflectance for a specific soil moisture con-
tent (x), a is the amplitude of reflectance change between dry
and saturated soil moisture, c is the exponential rate of decay (c-
factor), and b is the asymptotic minimum reflectance reached at
high moisture levels. An example of curve fitting is provided in
Figure 2a,b. The c-factor across each wavelength, which is an in-
dicator of how quickly reflectance at that wavelength saturates
with increasing soil moisture, was then retained and plotted for
each soil sample (see Figure 2c).

The c-factor of each sample (C,) was plotted against wavelength
and normalised using L1 normalisation, a technique in which
each c-factor value (C, ) at wavelength i is divided by the sum of
all values across the wavelength range, producing a normalised
c-factor value (Cn, ;) (Equation 3)

C

0,i

C,i=—=——
i 2:11 Co,i (3)

This ensures that the sum of all normalised values equals one,
rescaling the data along the y-axis while preserving the relative
shape of the profile. L1 normalisation allows for direct compari-
son of c-factor profiles across samples. For each sample, the scal-
ing normalisation factor (n) was then obtained by dividing the
original c-factor vector by the normalised vector element-wise,
producing a vector of identical values across all wavelengths.
The unique value from this vector was then extracted as the sca-
lar normalisation factor n (Equation 4):

Co,i @

i
>

—

i=

where C, is the original c-factor vector, and C, is the normalised
c-factor vector. Because L1 normalisation divides all elements
by the same constant, this procedure produces a single scalar
equal to the sum of the original c-factor values. The scalar n rep-
resents how much each profile was scaled during normalisation
and was then plotted against its log-transformed soil properties
(OC content, clay %, sand %, silt %, CaCO, and Ox_Fe content).
Linear regression was used to investigate the relationship be-
tween each soil property and the rate at which soil reflectance
decreases with increasing soil moisture. It should be noted
that many samples had CaCO, values equal to zero; therefore,

square root transformation was preferred to log transformation
in this case. In order to better understand which soil properties
influence the normalisation factor the most, the relative impor-
tance of each predictor was calculated using dominance analy-
sis (DA) via the dominance-analysis Python package (Shekhar
et al. 2019). DA fits models to all possible combinations of inde-
pendent variables to then measure the goodness-of-fit (increase
in R?) associated with each variable (Azen and Budescu 2003;
Budescu 1993). Due to the small sample size (n=28), after DA
analysis, a sequential forward feature selection algorithm with a
linear regression estimator and 2-fold cross-validation was used
to select the ideal number of features to create a multiple linear
regression model describing the behaviour of the soil moisture-
reflectance relationship. The algorithm added predictors one at
a time and evaluated whether each additional variable improved
model performance, measured by the cross-validated R? score.
To ensure that only variables with meaningful predictive value
were retained, we applied a tolerance threshold so that a new fea-
ture was accepted only when it increased the cross-validated R?
by more than 0.01. Once features were selected via forward fea-
ture selection, a multiple linear regression model was fitted. The
model was evaluated using 4-fold cross-validation repeated 100
times. For each repetition, the rows of the dataset were randomly
shuffled before splitting into folds. Out-of-fold predictions were
obtained for each sample using models trained on the training
folds, rather than using the model fitted on the full dataset, pro-
viding robust estimates in light of the small sample size (n=28).
Finally, the single best-performing model was selected.

3 | Results
3.1 | Laboratory Observations

Across all 28 soil samples, the reflectance was found to de-
crease non-linearly with increasing soil moisture (Appendix A,
Figure A3). This relationship was best represented by a decreas-
ing exponential function in all cases (Appendix B, Table B1). The
exponential rates of decay (c-factor) varied based on wavelength:
as can be observed in Figure 3a, the rate of decay was higher in the
visible range and decreased in the NIR and SWIR ranges. A peak
at around 1900 nm was also observed. The rates of decay not only
varied based on wavelength but also varied across soil samples
(Figure 3a), resulting in high coefficients of variation. However,
upon L1 normalisation (C,, Equation (3)), most of the c-factor plots
collapsed reasonably well onto an average line (Figure 3b), result-
ing in a 4-fold decrease in the coefficient of variation, reaching
<15% variance from 550 to 1500nm and from 2100 to 2300nm
(Figure 3c). Bands in the visible region (especially around 400-
500nm), wavelengths around 1900nm and the higher SWIR
bands (2300nm onwards) did not collapse when normalisation
was applied. While the C, of some samples collapsed very well
onto the average line (samples 3, 14, 22 and 26), two samples did
not: sample 13, which displayed lower than average normalised
c-factor values in VIS-NIR and overshoots in SWIR, around 1900
and 2400nm; and sample 16, which displayed high L1 normalised
c-factor values in VIS-NIR until around 1400 nm, before dropping
to lower-than average c-factor values at higher wavelengths.

Once the normalisation factors (r, Equation (3)) were obtained for
each sample and plotted against soil properties (Figure 4), it was
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found that OC content, clay and silt exhibited statistically signifi-
cant relationships (p value <0.05) with the normalisation factor in
the log-log space. In the case of OC content, a moderate decreas-
ing relationship was observed, while for clay and silt, a moderate
increasing relationship was found (see Figure 4).
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FIGURE 2 | (a) Decreasing laboratory spectral reflectance of soil
sample ID 21 with increasing gravimetric soil moisture content %,
which was then converted to volumetric; (b) exponential curve fitting
through reflectance points at 3 wavelengths. Lower wavelengths (e.g.,
665nm) reached a reflectance plateau sooner than higher wavelengths
(1610 and 2190 nm) with increasing volumetric soil moisture content; (c)
building the c-factor plot for sample 21. The exponential factors of the
curves fitted over the three wavelengths in panel 2c are highlighted us-
ing blue (665nm), orange (1610nm) and gray (2190 nm). C-factor plots of
four soils analysed by Lobell and Asner (2002) are also shown.

Dominance analysis highlighted the fact that OC content explained
28% of the variance in the normalisation factor, followed by clay
content (20%), silt content (10%), CaCO, (5%), sand content (4%)
and finally, Ox_Fe (3%). This translates into OC, clay, and silt con-
tent having 39%, 28% and 14% relative importance, respectively. It
should be noted that the DA ranking, which reflects each feature's
contribution in the final model, does not necessarily match the
order in which features were evaluated during forward selection.
The sequential forwards feature selection algorithm selected four
variables: OC content, clay, sand and silt content and discarded
Ox_Fe and CaCO, content. These four variables were therefore
used to fit 100 multiple linear regression models from which we
obtained the cross-validated R? (average R?=0.54+0.09 (SD), see
Appendix D, Table D1). The equation of the single best-performing
model (Equation (5), R?=0.67, Figure 5) is reported below:

log(n) =8.78 —0.47 x 1og(OC) + 0.45 =+ log(clay)
+0.12 xlog(silt) +0.17 « log(sand)

where n is the normalisation factor, OC is the organic carbon
content (in gkg™), clay, sand and silt are expressed in %. The
residuals of the model, defined as the differences between ob-
served and predicted reflectance values, were approximately
normally distributed. Normality was assessed using a quantile-
quantile (QQ) plot (Appendix D, Figure D1). Most points fell on
a straight line, supporting the assumption of normality required
for valid inference in linear regression.

A visual summary of the soil moisture-relationship observed in
this study is provided in Figure 6. Soil samples with coarse tex-
ture (sand and loamy sand with +80% sand content) displayed
the lowest normalisation factors, regardless of their OC content.
For finer textural classes, the normalisation factor seemed to
vary more on OC content rather than texture (for more informa-
tion, see Appendix E, Figure E1).

4 | Discussion

4.1 | Soil Reflectance Response to Increasing
Moisture

The reflectance behaviour in the optical domain of 28 European
soil samples of varying soil properties was investigated for dif-
ferent levels of volumetric soil moisture content (0% to ~60%).
Soil reflectance was found to decrease non-linearly with
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increasing soil moisture content across all samples, and some
samples saw an increase in reflectance under waterlogged con-
ditions (ignored in this study), in agreement with Lobell and
Asner (2002), Sadeghi et al. (2015), and Weidong et al. (2002).
The rate of exponential decay (c-factors) varied depending on
wavelength, being higher in the visible range and decreasing

in the NIR and SWIR ranges, to then peak around 1900nm,
where the strongest OH absorption band is (Ben-Dor and
Dematté 2015; Liu et al. 2003).

Our findings partially agree with Lobell and Asner (2002), who
also used an exponential model to describe soil reflectance as
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FIGURE4 | Transformed plots of normalisation factor (x axis) against soil properties (y-axis).

a function of soil moisture, and they obtained c-factor plots of
similar shape to the ones observed in this study. The higher
the c-factor, the quicker the decreasing exponential function
reaches a plateau, and the quicker soil reflectance lowers,
reaching a saturation point as soil moisture content increases.
Lobell and Asner (2002) observed that wavelengths in the vis-
ible range saturated at around 20% volumetric soil moisture
content, while SWIR saturated at higher volumetric moisture
contents (about 50%). The same was found in our study. This
corroborates the notion that the SWIR region is better suited
to monitor soil moisture content as it is affected more strongly
than the visible region, which tends to saturate sooner. Other
studies have also found the SWIR region to be more correlated
with soil moisture content than wavelengths in the VIS-NIR
(Castaldi et al. 2015). Although the c-factor varied significantly

across soil samples, normalisation resulted in most of the c-
factor plots collapsing onto the same line, especially between
550 and 1500 nm. Soil type-specific differences in the rates of
exponential reflectance decay were also observed by Lobell
and Asner (2002). However, in order to correct for these dif-
ferences, they normalised the c-factor plots using the degree of
soil saturation, a ratio of volumetric soil moisture divided by
1-(bulk density/soil particle density), where particle density
was a constant set to 2.65gcm™3. We also tested the degree
of saturation normalisation technique, but it didn't perform
as well as L1 normalisation in making all the c-factor plots
collapse onto the same line, probably because of the assump-
tion of constant particle density (see Appendix F, Figures F1
and F2). Due to the variability in porosity and particle size
distribution, general relationships between reflectance and
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soil moisture are difficult to establish (Stenberg et al. 2010).
In the European soils we tested, the soil moisture-reflectance
relationship was soil type-dependent and could be broadly
generalised across the samples by L1 normalising them and
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FIGURES5 |
gression model developed in this study describing the behaviour of the

Out-of-fold predictions (cv=4) of the multiple linear re-

normalisation factor based on OC content, clay, sand and silt %. The
shaded area corresponds to a 95% confidence interval.

using an average C,. While sandy loam samples fit this gener-
alisation well, we attribute sample 13's low c-factor values and
overshoots around the water absorption bands to its extremely
high sand content (95%) and moderate OC content (15.5gkg™),
which prevented the reflectance from reaching a water satu-
ration point (see Appendix A, Figure A3). Additionally, the
spectra of sample 16 with gravimetric moisture contents
>10% were nearly overlapping in the 400-1000 nm range (see
Appendix A, Figure A3). We suggest that the unusual be-
haviour may be due to the formation of a soil crust during the
re-wetting and drying experiment caused by the fine texture
(silt loam) and moderate clay (27%) contents of this sample. It
has been theorised that crusting is more likely to form in fine-
textured soils, but a ~20% clay content or lower reduces ag-
gregate stability and hydraulic conductivity, promoting crust
formation (Wakindiki and Ben-Hur 2002). Clay mineralogy
has also been found to affect soil dispersity and the likelihood
of crust formation, but this was not explored in this study and
might constitute a reason why samples with similar textural
characteristics do not deviate from the average C,.

4.2 | Influence of Soil Properties on
Moisture-Reflectance Relationship

When the L1 normalisation factor of each sample was calcu-

lated and plotted against key soil properties, OC content, % clay

(p<0.01) and % silt (p < 0.05) exhibited statistically significant
relationships with the normalisation factor. This supports the
notion that soil properties affect the soil moisture-reflectance
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relationship (Knadel et al. 2023, 2014). When considered in-
dividually, increasing OC content was generally linked to
lower normalisation factors, meaning lower rate of reflec-
tance decay, with reflectance saturating more slowly as soil
moisture content increased. This phenomenon has also been
observed in an experiment on Danish soil samples by Knadel
et al. (2014), where samples with higher OC content displayed
a lower decrease in reflectance from wet to dry state, which
was attributed to the fact that the OC content already makes
the soil samples look darker, masking the spectral effect of
soil moisture. A similar phenomenon was also observed by
Cao et al. (2020) on soil samples of varying OC contents from
inner Mongolia. It should be noted that, in addition to quan-
tity, the type of organic carbon can also affect soil reflectance
differently (Stoner and Baumgardner 1981), which is some-
thing that was not investigated in this study. When creating a
model of reflectance of wetted soil (Philpot 2010) considered
that the water occupying the pore space in soil often contains
dissolved organic carbon which has an absorption curve that
is especially dominant in the VIS range. By including the
concentration of dissolved organic carbon in the equation,
Philpot's model improved. In Knadel et al.'s (2014) study, the
soil moisture-reflectance relationship was also found to vary
based on the quantity and type of soil organic matter in sandy
soils. This was attributed to the fact that organic matter in
the form of humic acids, aliphatic fractions or plant debris can
coat the soil particles, creating a film that makes the soil more
water repellent (Chenu et al. 2000; Knadel et al. 2014).

In terms of soil texture, in our study higher clay and silt contents
were associated with higher normalisation factors and subsequent
higher exponential rates of decay. As moisture content increased,
the reflectance decrease of clay-rich soils saturated more quickly,
while the reflectance of sandy soils decreased more slowly. In
Knadel et al.'s (2014) study, the reflectance of clay-rich soils, which
have larger surface areas and smaller pore space but higher poros-
ity compared to sand-rich soils, also better captured the shift from
dry (characterised by water forming a thin layer around mineral
particles, therefore adsorptive forces) to wet soil (characterised by
the presence of free water occupying the pore space, therefore cap-
illary forces). This is due to the refractive index between soil and air
being greater than that between soil and water: when the medium
around the soil particle changes from water to air, a greater con-
trast (in the form of higher reflectance) can be observed (Twomey
et al. 1986). Nevertheless, the marked difference between wet and
dry reflectance in clay-rich soils compared to sandy soils was at-
tributed to the fact that, in sandy soils, adsorption forces are neg-
ligible and capillary forces dominate, even at lower levels of soil
moisture content, therefore the drop in reflectance with increasing
soil moisture is more constant (Knadel et al. 2014).

As for the combined effect of OC content and texture, we found
that coarse-textured samples had lower normalisation factors (n)
regardless of OC content, while in finer-textured soils, higher OC
content led to a decrease in n. In a similar study, Soltani et al. (2019)
found a linear relationship between soil water content and a NIR
index with the intercept, which represents soil water content at sat-
uration, varying based on the combined effect of texture and OC
content. Notably, they showed that OC content generally increased
the intercept, although the magnitude depended on soil texture:
in coarse-textured soils, OC content substantially increased the

intercept when OC levels were high due to increased sample mi-
croporosity. In fine-textured soils, the effect of OC varied based on
the sand: clay ratio: in soils with a higher sand proportion, increas-
ing OC led to higher intercept values, whereas in clay-dominated
soils, the intercept was primarily determined by texture. Although
Soltani et al. analysed a different spectral index, both studies high-
light that the interaction between texture and OC governs soil
moisture-reflectance behaviour.

4.3 | Semi-Empirical Model of Soil
Reflectance-Moisture

Our DA analysis, forward feature selection and resulting multiple
linear regression model indicate that OC content, clay %, silt % and
sand % alone can describe the soil reflectance-moisture relation-
ship, being able to explain up to 67% of the variance in the rate with
which soil reflectance decreases with increasing soil moisture. On
the other hand, Ox_Fe and CaCO, were not found to affect the soil
reflectance-moisture relationship as importantly. These features
were also discarded by the forward feature selection algorithm
as their explanatory contribution was low: while interactions be-
tween excluded and retained variables cannot be ruled out, the
feature selection process suggested that any such interactions are
weak relative to the main effects of OC, clay, silt and sand.

Higher OC content was consistent with a decrease in normalisa-
tion factor, while higher clay, silt and sand content were associ-
ated with an increase in normalisation factor, meaning that soil
darkens more quickly. The positive relationship between sand
content and normalisation factor in the multiple linear regres-
sion model is striking, as no positive correlation was found when
sand and normalisation factor were investigated individually.
This might be a result of the interaction between variables in
the multiple linear regression model. Despite this, OC and clay
content still explained the majority of the variance.

These results highlight the importance of explicitly account-
ing for soil properties when investigating the soil moisture-
reflectance relationship. Rodionov et al. (2014) successfully
predicted soil moisture from reflectance using partial least
squares regression. While their model performed very well lo-
cally (R?>=0.95), it relied on soils from a single location with
similar properties, limiting its generalisability. In contrast, our
semi-empirical model explicitly incorporates soil texture and
OC content to generalise across a subset of European soils.
Our findings suggest that physical models of soil reflectance-
moisture should be adapted to simulate soil reflectance at vary-
ing levels of soil moisture on the basis of soil OC content and
texture. Some physical-based models focus on simulating the
soil reflectance-moisture relationship using, for instance, soil
spectra transformed based on the Kubelka-Munk (KM) theory,
which considers soil as an absorbing and scattering layer and
assumes it to be composed of particles that are much smaller
than the layer thickness (Sadeghi et al. 2015; Yuan et al. 2019).
Nevertheless, the absorption and scattering coefficients, which
determine how much energy is reflected by the soil, are based on
soil properties (OC, texture) which are routinely not accounted
for. For these reasons, soils with high porosity (clay-rich) and/
or high organic matter contents tend to result in decreased
model performance (Sadeghi et al. 2015; Yuan et al. 2019).
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Similarly, MARMIT-2, which takes as an input three parame-
ters related to the surface coverage fraction of water, the thick-
ness of the water layer, and the volume fraction of soil particles,
could simulate wet spectra from dry laboratory reflectance with
a root mean squared error of 0.8% over a set of 225 soil samples,
but with decreased performance over clay-rich soils (Dupiau
et al. 2022). Dupiau et al. (2022) suggested that the performance
of the model may depend more on soil properties other than tex-
ture. We found this to be true for the samples analysed in our
study, as the relative importance of OC content (39%) estimated
via dominance analysis was higher than the other features.

Additionally, the semi-empirical model proposed in this study
could be integrated into land surface models. In the Joint UK
Land Environment Simulator (JULES), bare soil albedo is spa-
tially variable (Best et al. 2011) but is taken from a static soil
map (Wilson and Henderson-Sellers 1985). Bare soil albedo
can also be derived from satellite observations, which provide
higher spatial resolution and dynamic information. Soil albedo
decreases with humidity based on in situ observations in the
Interaction between Soil, Biosphere and Atmosphere (ISBA)
model (Liu et al. 2014). Similarly, in the Common Land Model
(CLM), a simple linear parametrisation between soil moisture
and soil colour is proposed based on parameters from the lit-
erature, disregarding soil properties (Dai et al. 2003; Kala
et al. 2014).

4.4 | Study Implications

The results of this study highlight the key role of OC content
and soil texture in controlling the soil moisture-reflectance
relationship. By explicitly incorporating these properties,
models can capture the majority of variability in reflectance
responses across diverse soils, for both remote sensing and
laboratory soil spectroscopy applications. The semi-empirical
model developed here shows that a relatively small set of read-
ily measurable soil properties (OC content, clay, silt, sand %)
is sufficient to parameterise the soil moisture-reflectance be-
haviour, which could enable scaling across larger regions or
integration with land surface models. In practice, for a soil
sample of known properties, its reflectance response to in-
creasing moisture can be predicted without requiring direct
measurement of dry soil reflectance, which is often difficult
to obtain in field conditions (see Appendix C). Furthermore,
integrating soil-specific parameters into land surface models
like JULES, CLM, or ISBA can enhance representations of
bare soil albedo and its response to moisture and reduce bi-
ases in moisture retrievals and energy balance simulations.
These models typically already include parameters related to
soil albedo, soil moisture, or surface properties, and our ap-
proach allows them to explicitly account for soil OC and tex-
ture, improving predictive performance without requiring
additional complex inputs. Lastly, the inclusion of these soil
properties in physical soil moisture-reflectance models like
KM or MARMIT-2 could reduce uncertainties associated with
modelling reflectance at varying levels of soil moisture, espe-
cially over clay-rich soils. Overall, our results emphasise that
explicitly considering soil properties like OC content and tex-
ture is essential for accurately modelling and interpreting soil
reflectance under varying moisture conditions, with potential

benefits for field spectroscopy, remote sensing and land sur-
face modelling applications.

4.5 | Limitations and Future Directions

A key limitation of this study is the restricted sample size (n =28)
and diversity of the dataset, which was constrained by the
labour-intensive nature of the rewetting procedure. Even though
the sample set was selected to cover a wide range of soil proper-
ties being investigated (OC content, texture, CaCO, and Ox_Fe),
the dataset does not encompass the full pedological variability of
European cropland soils: Luvisols and Cambisols (which repre-
sent ~55% of LUCAS 2018 cropland points surveyed) dominate
the sample set, and several soil types are underrepresented or
missing (e.g., Podzols, Regosols, Planosols, Calcisols). The dis-
tribution of soil hues also shows limited representation of bright,
carbonate-rich soils and strongly iron-oxide-influenced soils,
which may affect reflectance-moisture behaviour, particularly
in the visible and SWIR regions. Additionally, different spectra
acquisition and rewetting protocols might lead to different re-
sults. Rodionov et al. (2014) highlighted that an issue with spec-
troscopy is that gravimetric soil moisture might not necessarily
reflect what the sensor detects due to the limited penetration
depth. We tried to overcome this by covering the samples with
lids before scanning to ensure moisture was more homogeneous
throughout the soil column.

Consequently, while the results highlight robust trends driven
primarily by texture and organic carbon, and our cross-
validated feature selection and careful model construction in-
dicate that the main effects are robust, the limited sample size
should be considered when interpreting the generalisability of
these results, and future work should incorporate a larger and
more diverse set of soils to strengthen model calibration and as-
sess its generalisability across the full range of European soil
environments. Further studies are also needed regarding the
effect of the type of organic matter on soil reflectance at vari-
ous levels of soil moisture. In addition, the model's usefulness
in a field spectroscopy or satellite remote sensing context still
needs to be assessed. This will be particularly challenging as
satellite data will suffer from higher signal-to-noise ratio and
additional noise at the water absorption wavelengths due to
the atmospheric effects (Knadel et al. 2023). Furthermore, the
model requires a priori soil property data, which might not al-
ways be readily available especially in a remote sensing con-
text. However, it should be noted that information on OC, clay,
sand and silt content could also be obtained from digital soil
mapping products, such as the LUCAS-derived topsoil prop-
erty maps (Ballabio et al. 2016) or the ISRIC SoilGrids (Poggio
et al. 2021). As for the soil moisture information, new maps of
surface soil moisture in the topmost 0-5cm of soil are being de-
veloped, such as the Global Surface Soil Moisture 1km dataset
(Han et al. 2023) or the SMAP Level-4 data (Reichle et al. 2019).
Nevertheless, these types of data are subject to uncertainties.

5 | Conclusion

This study investigated the laboratory soil moisture-reflectance
relationship for 28 European soil samples representing a range
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of soil properties (OC content, texture, CaCO, and Ox_Fe con-
tent). Upon rewetting the soil samples and acquiring their spec-
tral reflectance in the laboratory, soil reflectance decreased
exponentially with increasing soil moisture, with faster rates
of decay across visible wavelengths and slower in SWIR, and
displaying varying rates across samples. Certain soil proper-
ties significantly influenced the rate of decay: higher OC con-
tent led to a slower decrease in reflectance with increasing soil
moisture. At the same time, higher contents of clay and silt led
to a quicker saturation of reflectance with increasing soil mois-
ture, likely due to increased porosity and a more evident switch
from water adsorption to capillarity. The multiple linear re-
gression model created here to describe the rate of reflectance
decay with increasing soil moisture based on selected soil prop-
erties (organic carbon content, clay, sand and silt content) was
able to explain up to 67% of the variance and could potentially
be used to back-calculate dry soil reflectance from timeseries
of wet reflectance. Future work should test this model on ad-
ditional soil samples (different geographical regions, soil types
and colours), and on field-acquired or remotely-sensed spectra.
Finally, the semi-empirical model proposed here could be in-
corporated into land surface models to overcome the under-
explored connection between soil moisture content and bare
soil albedo.
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Appendix A
Soil Samples, Methodology Illustrations and Soil Spectra

FIGURE A1 | The soil samples used in this study had various textures, hues and colours. To determine the amount of soil placed in each 90-mm
petri dish, we first calculated the volume of a 0.7-cm thick soil layer (44.53cm?). For each sample, the target mass was obtained by multiplying this
volume by the field-measured bulk density. This typically resulted in a mass close to ~50g. Minor adjustments were made by lightly packing the soil
in the dish to reproduce the target bulk density as closely as possible.

Wavelength

Average
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(%]
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FIGURE A2 | (a) Illustration of spectra collection procedure; (b) flowchart illustrating the rewetting and drying procedure carried out in this
study.
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FIGURE A3
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Reflectance of soil samples analysed in this study with increasing volumetric soil moisture content. In the case of sample IDs 2 and

19, measurements were stopped at 15% as beyond that soil moisture content, the sample completely saturated with water. In some samples (IDs 1,

3,9, 28), reflectance slightly increased at high moisture (saturation) conditions, especially at wavelengths <1400nm, due to a change in scattering

processes caused by a water film. Scans where this phenomenon was observed were removed.
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Appendix B

Fitting the Exponential Function

TABLE Bl | Goodness of fit of exponential curve to the reflectance-
soil moisture data measured in this study, averaged across all

wavelengths.
Sample ID Goodness of fit (R?+SD)
1 0.989+0.008
2 0.990+0.005
3 0.991+0.005
4 0.985+0.004
5 0.983+0.009
6 0.934+0.015
7 0.965+0.011
8 0.946+0.014
9 0.988+0.005
10 0.997+0.001
11 0.951+£0.163
12 0.992+0.002
13 0.992+0.004
14 0.972+0.007
15 0.962+0.008
16 0.979+0.014
17 0.985+0.005
18 0.965+0.013
19 0.993+0.005
20 0.989+0.004
21 0.995+0.002
22 0.988+0.005
23 0.995+0.004
24 0.990+0.006
25 0.962+0.005
26 0.966+0.013
27 0.972+0.008
28 0.969+0.013

Appendix C
Average c-Factor Plot

For a given soil sample of known OC content and soil texture, for which
various soil spectra are obtained at known levels of soil moisture con-
tent, the normalisation factor, a proxy for how quickly soil reflectance
decreases with increasing soil moisture content, can be calculated
using the semi-empirical equation derived in this study. The result can
then be multiplied by the average c-factor line obtained in this study
(Figure C1) in order to obtain the predicted soil reflectance-moisture
behaviour for the soil type at hand. An exponential curve with a rate of
decay equal to the c-factor obtained could then be made to fit through
the points, and the soil reflectance at zero soil moisture content could
potentially be back-calculated if dry soil reflectance data is not available
(e.g., in the field).

0.00060 -

0.00055 -

0.00050 -

0.00045 -

Average c factor

0.00040 -

0.00035 -

800 1000 1200 1400 1600 1800 2000 2200
Wavelength [nm]

FIGURE C1 | Average c-factor plot obtained in this study across the
28 soil samples investigated. Future studies could use the equation pro-
vided to calculate the normalisation factor for the soil type at hand, then
multiply it by the line shown in the picture to obtain the c-factor for
that sample across all wavelengths. This will indicate how quickly the
reflectance decreases with increasing soil moisture content across dif-
ferent wavelengths for that soil type.
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Appendix D
Normalisation Factor Predictions
TABLE D1 | Variance of coefficients for the semi-empirical model

to predict the normalisation factor based on soil properties across the
100 model runs.

Variables Mean +SD
Intercept 8.78 +8.93x 10715
Coefficient for OC —0.47+7.81x1071°

Coefficient for clay 0.45+6.69%x1071°

Coefficient for silt 0.12+2.65x1071°

Coefficient for sand 0.17+3.07x10710

Normal Q-Q plot
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FIGURE D1 | Quantile-quantile plot of residuals (observed—out-
of-fold predicted values) of the single best-performing model to predict
normalisation factor based on OC content and soil texture.
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FIGURE E1 | Spread of normalisation factors by soil texture group.
Coarse=sand, loamy sand; moderately coarse=sandy loam; medi-
um=loam, silty loam, silt; moderately fine=clay loam, sandy clay
loam, silty clay loam; fine = clay, sandy clay, silty clay.

Appendix F

Comparing c-Factor Normalisation Methods

80-
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FIGURE F1 | Coefficient of variation plots of the c-factors lines ob-
tained in this study. While degree of saturation normalisation led to
higher coefficient of variation, probably due to the assumption of stan-
dard particle density, L1 normalisation led to a decrease in the coeffi-
cient of variation. Regions where the normalised c-factor plots did not
collapse as well were below 450nm, between 1900 and 2000nm (water
absorption peak) and beyond 2300 nm.

18 of 19

European Journal of Soil Science, 2026

95U8017 SUOWILIOD BA1E81D) 8|cealdde 8y Aq peusenob a2 sajole YO '8sN J0 S8|nJ 10} ARIq1T8UIIUO AB[IM UO (SUONIPUOD-PUB-SWS)LI0Y A8 |1 Ale.q Ul Uo//:Sthiy) SUONIPUOD pue SWLB | U1 89S *[9202/0/9T] Uo Ariq1T8ul|uo AS|IM Hin‘Ie'spes|@equisi-<y. oqqius> Aq 6TE0. SSB/TTTT'0T/I0p/WO0Y A8 | AReiq 1 puljuo's puINokssq//:sciy Wouy peapeojumod ‘Z ‘9202 '685259ET



50 No normalisation 50 Degree saturation normalisation —_—

O 00O NO UL WN B

N
o
y
e el el e el e
OCONOOUDWNRO

N
o

N
[y

1400 1900

400 900 1400 1900 2400
Wavelength [nm] Wavelength [nm]

N NNNNNN
00 NO UL~ WN

FIGUREF2 | C-factor (left) and normalised c-factor (right) according to the Lobell and Asner's (2002) degree of saturation normalisation method.
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