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Precision and sustainable agriculture requires information about soil pH and organic matter (OM) content at
higher spatial and temporal scales than current agronomic sampling and analytical methods allow. This study
examined the accuracy of spectral models using high throughput screening (HTS) in diffuse reflectance mode in
mid Infra-red (MIR)/DRIFT combined with machine learning algorithms to predict soil pH(CaCly) and %OM in
shallow and deeper topsoils compared to laboratory methods. Models were developed from an archive of samples
taken on a 4 km? grid from the northern half of Ireland (Terra Soil project), which includes 18,859 samples
(9,396 shallow + 9,463 deeper). The application of Cubist models showed that for different depths there are
minor different spectral group associations with pH and %OM values. These differences resulted in a loss of
accuracy in the extrapolation of the topsoil model to predict values from deeper topsoils or vice versa. Therefore
we recommend the use of samples from both depths to build a calibration model.

The proposed methodology was able to determine %OM and pH using a unique multivariate regression model
for both depths, with RMSEP values of 1.12 and 0.89 %; RPIQ values of 42.34 and 38.48; R%al of 0.9989 and
0.9993 for %0OM determinations in shallow and deeper topsoils, respectively. For pH determinations the RMSEP
values obtained were 0.25 and 0.34; RPIQ values of 6.04 and 4.94; R2, 0.9385 and 0.8954. Both regression
models are classified as excellent predictions models, yielding RPIQ values >4.05 for shallow and deeper top-
soils. The results demonstrated the high potential of HTS-DRIFT combined with machine learning algorithms as a
rapid, accurate, and cost-effective method to build large soil spectral libraries, displaying predicted results
similar to two separate soil laboratory methods (pH and LOI).

1. Introduction

In the last decade the global agriculture sector was responsible for
approximately 928 million jobs, representing 30.8 % of the jobs in the
world (Agriculture, 2021). However, in recent years (2018) the number
of agriculture sector jobs has fallen to about 866 million jobs, repre-
senting 26.5 % of the jobs in the world (Agriculture, 2021). Despite this
drop, agricultural productivity has increased in recent years to meet the
global demand for food. This increase can be associated with the high
level of investment in the agriculture sector, resulting in new agricul-
tural machinery, strategies, and technologies to implement precision
agriculture and sustainable agricultural practices (de Santana et al.,
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2019).

Among the strategies adopted by precision agriculture and sustain-
able agricultural practices, we can highlight the acquisition of accurate
information about the spatial distribution of soil properties, such as
percentage of organic matter (%OM), soil organic matter content (SOM),
pH, elemental concentrations, P, K, N, and soil particle size, among other
soil attributes (Terra et al., 2015). Using this information, farmers can
take decisions to improve productivity and sustainable soil manage-
ment. For example, pH values are used to evaluate the liming require-
ment of acidic and neutral soils, for optimum soil health and fertility,
and % OM values can be converted to SOM and % Carbon for estimates
of baseline values.
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However, conventional analytical methods for such analyses are
expensive and time-consuming. As a consequence many farmers reduce
the number of samples collected for analysis, resulting in unrepresen-
tative soil maps and results that are not monitored over time (Allo et al.,
2020). To address this problem, in the last decade several authors pro-
posed the use of vibrational spectroscopy techniques, especially Near
Infrared (NIR) and Mid-Infrared (MIR/FTIR) spectroscopy, combined
with chemometrics/machine learning algorithms to quantify or semi-
quantify these and other soil parameters using only a single spectrum.
In order to avoid additional sample preparation, such as Potassium
bromide (KBr) pellets, the soil spectra are commonly obtained in diffuse
reflectance mode. This combination results in a rapid, cost-effective,
accurate, and non-destructive analysis, contributing to the imple-
mentation of precise agriculture and sustainable agricultural practices,
where fast, non-expensive and accurate methods to determine the soil
composition are required (de Santana et al., 2019; Stenberg et al., 2010).

Due to all the highlighted advantages, in the last decade several soil
spectral libraries (SSL) were created around the world but only a few of
these SSLs are composed of a large number of soil samples (Baumann
et al., 2021; Dangal et al., 2019; de Santana et al., 2019; Dematte et al.,
2019; Orgiazzi et al., 2018; Viscarra Rossel et al., 2016; Sanderman
et al., 2020; Terra et al., 2015). Most of these large SSLs use the vis-NIR
or NIR spectrometers to collected the spectra, a fact that can be attrib-
uted to several factors such as price, a larger radiation spot, the minor
influence of soil sample preparation, and the facility to couple bifurcated
optical fibre probes in the instruments, enabling the customization of
commercial spectrometers to collect the soil spectra (de Santana et al.,
2019).

Among these large SSLs we can highlight the Land Use and Coverage
Area Frame Survey (LUCAS) programme (Orgiazzi et al., 2018). This
spectral library is composed of ~22,000 soils samples collected from 26
EU Member States, including Ireland. The spectral library consist in the
vis-NIR spectra (400-2500 nm) and includes reference values of pH,
SOM, cation exchange capacity (CEC), total nitrogen content, phos-
phorous content, among other soil attributes (Orgiazzi et al., 2018). In
the LUCAS spectral library the spectra acquisition was carried out in soil
samples air-dried and mechanically sieved to 2 mm.

Using this vis-NIR spectral library, Jiechao Yang et al. (2020) created
a multivariate regression model based on the combination of convolu-
tional neural networks (CNN) and recurrent neural networks (RNN) to
determine the values of organic carbon (OC), N, CEC, and pH (CaCly).
The authors used 75 % of the SSL to build the model and the remaining
25 % of samples was used to validate the regression model. The authors
obtained good results in OC and pH predictions, with root mean square
errors on prediction (RMSEP) values of 6.40 (g.kg’l) and 0.35; RZ, of
0.73 and 0.86 for OC and pH predictions, respectively. These results are
consistent with other studies that uses large vis-NIR soil spectral li-
braries (Viscarra Rossel and Webster, 2012; Stevens et al., 2013).

We can also highlight the SSL created by Dangal et al. (2019) and
subsequently updated by Sanderman et al. (2020). In the last study the
authors used a large MIR-SSL to determine several parameters in United
States soils, including pHwater (35.297 samples) and OC (42.893 sam-
ples). Before the spectra acquisition in the diffuse reflectance infrared
Fourier transform (DRIFT) spectrometer, the soil samples were air-dried,
sieved to 2 mm and then ball-milled. The authors used 80 % of the
samples to build regression models based on the Cubist algorithm and
the remaining samples were used to validate the regression model. Using
this methodology the authors obtained excellent accuracy, with RMSEP
values of 0.36 and 0.69 %; RZ, of 0.88 and >0.99 for pH and OC pre-
dictions, respectively.

The results obtained by both papers show that NIR and MIR (DRIFT)
spectroscopy can be employed to build large spectral libraries to predict
pH and OC values with good accuracy. Nevertheless, the results ob-
tained using DRIFT spectroscopy were generally superior and more
suitable for accurate soil analysis (Sabetizade et al., 2021). Compared to
vis-NIR spectroscopy, DRIFT spectroscopy is more affected by the soil
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sample preparation, requiring ball-milling of the soil samples to <0.100
mm to reduce the specular reflectance and maximize the homogeneity of
the sample (Soriano-Disla et al., 2014). It is important to emphasize that
the ball-milling process is already used in loss-on-ignition (LOI) analysis
to determine OM%, so employing DRIFT spectroscopy does not require
an additional step in laboratories doing routine soil analysis (Metzger
et al., 2021; Soriano-Disla et al., 2014).

Based on the above, this study employed DRIFT spectroscopy com-
bined with machine learning regression models to determine pH and OM
content in a large soil spectral library. This library was created as part of
the Terra Soil project and comprises spectra of shallow and deeper
topsoil samples collected in the northern half of Ireland as part of
Geological Survey Ireland’s Tellus programme - Terra Soil (gsi.ie).

The agri-food sector in Ireland makes a significant contribution to
the economy, accounting for 7.1 % of total employment and providing
6.7 % of Gross National Income in 2019 (Department of Agriculture
Food and Marine, 2020). In the coming years the central objective of
Ireland’s agri-food strategy (FoodVision 2030) is that Ireland becomes
an international leader in sustainable food systems, while ensuring
profitability, social sustainability and positive or neutral impact on the
environment. Implementation of the common agricultural policy in
Ireland post-2020 will also place a very strong emphasis on efficiency
and the environment.

The proposed methodology will contribute to achieving the goals of
Food Vision 2030, enabling generation of high-resolution maps of soil
pH and %OM from agricultural and non-agricultural regions in Ireland.
The methodology uses a rapid, cost-effective, robust, and accurate
method that will help improve the efficiency of the Irish agri-food sector.
Another innovation of this study is the use of a large SSL to assess dif-
ferences of %OM and pH predictions in both depths using regression
models derived from each depth. For example, regression models built
using shallow topsoil samples were used to predict the %OM and pH in
shallow and deeper topsoils (different depth). In addition, the accuracy
of the calibration model built using samples from both depths was
assessed.

2. Material and methods
2.1. Soil sampling

During the period of 2011-2019 9,396 shallow topsoil (5-20 cm) and
9,463 deeper topsoil (35-50 cm) samples were collected from agricul-
tural and non-agricultural lands in the Border, Midland, West and Per-
iurban regions of Ireland as part of Geological Survey Ireland’s Tellus
programme (GSI, 2021). Regional samples were collected on a 4 km?
grid, periurban samples on a 1 km? grid. Shallow and deeper topsoils
were collected at each site (Figure S1).

The predominant soil types used in this study are classified as Peat,
Grey Brown Podzolic, Gley, Brown Earth, Brown Podzolic, Complex,
Podzol, Brown Earth L.B.S, among others, according to Gardiner and
Radford 1980 and based on the U.S > Department of Agriculture (USDA)
classification system (Gardiner and Radford, 1980; Survey, 1999). The
topsoil composition largely reflects the composition of the underlying
subsoils and the bedrock from which the subsoils are derived. Bedrock
geology of the northern part of Ireland covered by the Tellus survey is
very diverse and includes granite, gneiss, schist, sandstone and shale.
The midlands are largely underlain by limestone. There are extensive
areas of blanket bog in upland areas and of raised bog in the midlands.

2.2. Reference analysis and Log-ratio transformation

All soil reference analyses were performed on behalf of Geological
Survey Ireland in analytical laboratories accredited to ISO/IEC
17025:2005. Prior to analysis, samples were prepared by drying at 30°,
disaggregation, sieving to 2 mm and ball milling to a particle size
nominally 95 % < 0.032 mm. The %OM was determined using LOI
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analysis, for which 1 g of ball-milled soil was placed in a furnace at
450 °C for 4 h. The %OM was then calculated from the ratio of the
weights of combusted (OM) and raw sample (OM + inorganic matter
(IM)). The pH (CaCly) analyses were performed on oven-dried soil
samples sieved to <2 mm. A CaCl; solution (0.01 M) was added to each
sample and the pH was analysed using pH electrode. Full details of
Tellus analytical methods can be found in Knights et al. (2020).

Since the OM was calculated by the ratio of combusted (OM) and raw
soil sample (OM + IM), the %OM values are relative measures (com-
positions) and are restricted to the numerical space known as the sim-
plex. The range of values in this simplex are restricted to 0-100 and are
not independent of other measures expressed as compositions. In other
words, if the OM or IM change the other value must change to maintain
the proportion in the simplex. This characteristic is commonly referred
to as the “closure” problem, which could result in incorrect regression
models, since machine learning regression algorithms analyse each soil
feature independently, not considering that OM + IM must add up to
100 % (Aitchison, 1982; Jaconi et al., 2019). A more recent review of
dealing with compositional data is provided by Greenacre et al. (2022).
To deal with this problem, the additive log-ratio (Eq. (1)) proposed by
Aitchison (1982) was used as the Y-block to build the %OM models. The
histogram containing the new distribution of %OM values after this
transformation can be visualized as in Figure S2. Following this, the
inverse function of additive log-ratio (Eq. (2)) was used in the predicted
values to return the data in to the original space to build the predicted
maps and calculate the accuracy parameters.

%OM
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2.3. Spectral acquisition

The soil sample spectra were obtained in the diffuse reflectance
mode using the FT-IR Spectrometer INVENIO® (Bruker, Massachusetts -
USA) with a mercury-cadmium-telluride (MCT) detector. This spec-
trometer was connected to a Bruker microplate reader extension for
high-throughput screening (HTS-XT), which can analyse ~70 samples
per hour operating with one analyst.

The ball-milled soil samples were filled into a sample cup with a 7
mm internal diameter and the surface was smoothed with a blade for
further analysis in the HTS-XT system. The samples were scanned in the
MIR range (4000-600 cm™ 1) in diffuse reflectance mode (DRIFT), using
32 scans at a spectral resolution of 1.43 cm ™. At the beginning of each
batch of analysis of 23 samples, the background was obtained using a
gold reference disk. Every day before commencement of the analysis, the
instrument was checked using a reference compound (Acetaminophen —
USP specification). This reference spectrum was monitored using an
internal multivariate control chart based on PCA and D- and Q- statistics
at significance level of probability of 0.05 (Laursen et al., 2011). The
reference values of pH and %OM combined with the Mid-Infrared
spectra were used to build the Tellus soil spectral library.

2.4. Spectral pre-processing

Spectral regions showing atmospheric CO, signals (2398-2281
em™!) were removed from the spectrum. Subsequently, classical pre-
processing spectral algorithms for soil analysis using vibrational spec-
troscopy were evaluated. The pre-processing algorithms tested were
multiplicative signal correction (MSC), extended multiplicative signal
correction (EMSC), standard normal variate (SNV) and smoothing
combined with first and second derivatives (Rinnan, 2014).
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2.5. Selection of samples for calibration and validation sets

Shallow topsoil samples were organized in ascending order for %0OM
and pH values. Then, samples in even lines were selected for calibration
and the remaining samples were selected to compose the validation set.
This process generated four subsets for shallow topsoil samples: the %
OMg;halow calibration and validation sets, and the pHghajow calibration
and validation sets. The same strategy was applied for deeper topsoil
samples, also generating four subsets, the %OMgeeper calibration and
validation sets, and the pHgeeper calibration and validation sets. As
shown in Fig. 1, when carrying out this strategy the calibration and
validation sets will display the same histogram profile in the entire range
evaluated.

We investigated the accuracy of regression models using these sub-
sets. For this, samples from shallow topsoils (Library 1) were used to
build regression models to determine the %OM and pH in shallow (Li-
brary 1) and deeper (Library 2) topsoils. The opposite strategy was also
evaluated, i.e. deeper topsoils (Library 2) were used to build regression
models to determine the %OM and pH in shallow (Library 1) and deeper
(Library 2) topsoils. Moreover, we built a global model using samples
from both depths (shallow calibration and deeper calibration — Library
3) and the accuracy of this model was evaluated using samples from both
depths; in other words, shallow validation and deeper validation (Li-
brary 3). All the libraries used to determine %OM and pH in both depths
are summarized in Table 1.

2.6. Data analysis

All calculations were performed in MATLAB R2020b environment
(Mathworks) and R Studio, using an Intel Core i5-8250 CPU with four
cores and eight threads with 8 GB memory. Support Vector Machine and
PLS models were built using the “Statistics and Machine Learning
Toolbox”. Cubist and Random forest models were building using Cubist
and Ranger package for R.

2.6.1. Partial least squares - PLS

PLS is considered a classical multivariate calibration method used in
vibrational spectroscopy data. The PLS algorithm uses the correlation
between the X block (infrared spectra) and y block (%OM or pH) to build
the regression model. During this process the X block is projected in to
lower dimensional space (latent variables - LV) to maximize the
covariance between X and y blocks. During this process (calibration
step), the number of LVs must be optimized to obtain feasible results in
the validation set (Geladi and Kowalski, 1986).

In this study the optimum number of LVs was selected by analysing
the root mean square error of cross-validation (RMSECV) using the
venetian blind cross-validation method versus the number of LVs. The
fewest number of LVs which could display the minimum RMSECV value
was selected (Haaland and Thomas, 1988). Outliers were evaluated
using the information from the X block. Samples with Hotelling T? and Q
residuals that present simultaneously these values above the critical
values, at a significance level of probability of 0.05, were considered
outliers and excluded (Laursen et al., 2011).

2.6.2. Support vector machine

In the support vector machine (SVM) algorithm the X block is non-
linearly mapped into a high-dimensional feature space using a specific
transfer kernel function (Cortes and Vapnik, 1995). After, in this feature
space a linear decision surface (hyperplane) is calculated to solve the
regression or classification problem. Among the kernel functions used in
the SVM models, the radial basis function (Eq. (3)) is the most used.

K(x,x[):exp(7y||x7x[|\2)y>0 3)

In this function, the kernel scale parameter (y) controls the influence
of a single sample in the calibration model, defining the width of the



F.B. de Santana et al.

Catena 218 (2022) 106552

Shallow Topsoils

All Samples Calibration Set

Validation Set

All Samples Calibration Set Validation Set

2000 1000 1000 800 400 400
{E- 1500 600
2 1000 500 | 500 400
2
L 500 200
1] 0 0 0
0 50 00 0 50 100 0O 50 100 3 4 5 6 7 3 4 5 8 7 3 4 5 6 7
Deeper Topsoils
4000 2000 2000 1000
2 3000 1500
5
%2000 1000 500
& 1000 500 I I
1] 0 0
0 50 0 0 50 00 0 50 100 3 4 5 6 7 2 4 5 6 7 3 4 5 6 7
Shallow + Deeper Topsoils
6000 3000 3000 1500 1000 1000
. |
2 4000 2000 | 2000 1000
- 500
E 2000 1000 | 1000 500
Y] 0 0 0 0
0 50 o0 0 50 w0 50 100 3 4 5 6 7 3 4 5 86 7 3 4 5 6 7
%0OM Value %0OM Value %0OM Value pH Value pH Value pH Value
Fig. 1. Histogram of %OM and pH values for shallow and deeper topsoil in: all samples, calibration and validation sets.
2.6.3. Random forest
Table 1

Libraries adopted to determine %OM and pH in shallow and deeper topsoils.

Name Calibration Samples Validation Samples

Library Calibration Shallow topsoils Validation Shallow topsoils +
1 Validation Deeper topsoils

Library Calibration Deeper topsoils Validation Shallow topsoils +
2 Validation Deeper topsoils

Library Calibration Shallow topsoils + Validation Shallow topsoils +
3 Calibration Deeper topsoils Validation Deeper topsoils

Gaussian function (Filgueiras et al., 2014). The prediction of y, values is
done using Eq. (4), where the hyperplane is represented by (w), slope,

and (b) is the offset of the regression line.
yi = w.K(xi) +b 4

The regression function is calculated by minimizing Eq. (5) subject to
Eq. (6).

L 1 - .
Minimize : 3 [Iwll +C;(§i +&) (5)
yi—wK(x)—b<e+g
Subjectto : { wK(x)+b—y <e+& (6)

£.8 >0

Where (¢) represents the maximum accepted error during the cali-
bration step and cost parameter (C) determines the trade-off between
the model complexity and (¢), in other words the influence of each
support vector. The slack variables & and & are used as a limit to
determine the support vectors (Ustiin et al., 2005). Comprehensive
concepts regarding SVM can be found in Cortes and Vapnik (1995) and
Ustiin et al. (2005). During this whole process, the parameters ¢, C and y
must be optimized. In this study Bayesian optimization was employed to
reduce the time required to find this optimum combination (MathWorks,
2017).

The Random forest (RF) algorithm (Breiman, 2001) uses an ensemble
of decision trees combined with two randomization processes, random
feature selection and bagging. The random feature selection consists in
randomly selecting mtry variables that will be used at each node in each
tree. For regression problems the default value for mtry is 33.33 % of the
total number of variables; in other words, for spectra composed by 1500
variables, each tree will be built analysing 500 variables instead of
analysing all 1500 variables. This process saves computational costs by
reducing the dimensionality of the data (Breiman, 2001).

The bagging (bootstrap aggregation) was also introduced by Breiman
and involves building each tree using a bootstrap replica of the training
set with a replacement (Breiman, 1996). In this step approximately
66.67 % of the calibration samples are randomly selected to build each
tree and the remaining calibration samples are used to evaluate the
performance of that tree, similar to a cross-validation step. Since we
have an ensemble of regression models, the prediction results of vali-
dation samples will be done by the average value predicted by the
ensemble of trees (Breiman, 2001; de Santana et al., 2019). In this study
the RF models were built using the default value of mtry and 300 trees.

2.6.4. Cubist

The Cubist algorithm was based on Quinlan’s M5 algorithm,
combining the decision trees to generate the nodes and linear multi-
variate regression models fitted to determine the y; value at terminal
nodes (“leafs”) (Kuhn and Johnson, 2013). Employing this strategy the
algorithm can separate a complex dataset into segments of linear data
(decision tree). Multivariate regression models are then built in each
segment.

In order to optimize the Cubist model we applied a boosting-like
scheme called “committees” where iterative tree models are created in
sequence. An initial Cubist model is built from which subsequent models
attempt to reduce the errors of the previous Cubist model. For example:
if the model predicted a sample with y; value above the reference value,
the next model will adjust downward this value (Kuhn and Johnson,
2013). It is important to highlight that, unlike traditional boosting, here
the predictions are not made using a weight for each Cubist model. Like
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RF, the prediction is the average value predicted by the Cubist com-
mittees (Kuhn et al., 2012).

Another implementation used in this study, to optimize the Cubist
model, was the use of neighbours, which aims to perform additional
corrections based on the nearest neighbours in the training set. In this
approach a model is built followed by the prediction of a validation
sample (¥). The K most-similar neighbours are identified, as shown in
Eq. (7), and a combination of the reference values of these K samples are
used to calculate the final prediction (Quinlan, 1993):

k
§ =g i+ (- )] %
=1

where tl is the reference value for a training set neighbour, tl is the
predicted value of that neighbour, and wl is a weight calculated using the
distance of the training set neighbour to the validation sample (Kuhn
and Johnson, 2013; Quinlan, 1993). In order to optimize the Cubist
model, different combinations of numbers of committees (1, 10, 30 and
50) and neighbours (0, 1, 5 and 9) were tested using the grid search
method with k-fold cross-validation (10 folds). The combination of
committees and neighbours that present the lowest RMSECV were
selected to build the optimized Cubist model.

2.6.5. Accuracy comparison and statistical tests

In order to compare the accuracy among the regression algorithms
and libraries the RMSE and R? values were used. These parameters are
the two metrics most used to assess the accuracy of regression models.
Another parameter commonly used to evaluate the accuracy in spec-
troscopy models is the ratio of performance deviation (RPD). However,
since the %OM and pH distributions did not follow a normal distribu-
tion, the ratio of performance to interquartile distance (RPIQ) was used
instead. This accuracy parameter was calculated using the interquartile
distance (Q3-Q1) divided by the RMSEP (Ludwig et al., 2017).

To assess statistical differences between accuracy parameters among
the libraries used, the Wilcoxon signed-rank test and the randomization
test suggested by van der Voet (1994) were used. Both tests were
selected due to the non-normal distribution of the %OM and pH data.

The Wilcoxon signed-rank test was used to compare two paired
populations, i.e. shallow topsoil samples predicted by library 3 and li-
brary 2. This is a nonparametric alternative test to the paired Student’s t-
tests; in other words, this test does require that the samples are normally
distributed (Xia, 2020). The hypotheses evaluated were:

HO: Ymodel A~ YModel B cOmes from a distribution with zero median
(accuracies are equal).

HO: Ynmodel A — YModel B does not comes from a distribution with zero
median (accuracies are not equal).

The randomization test proposed by van der Voet (1994) was also
used to compare the models accuracy. This test does not require any
assumptions about normality or homoscedasticity of the data (distri-
bution-free). More details about this test and its respective Matlab code
can be found in the original paper (van der Voet, 1994). The hypotheses
evaluated were:

HO: RMSEP)0del A = RMSEPy 04l B (accuracies are equal);

H1: RMSEPyodel A # RMSEPyodel B (accuracies are not equal).
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3. Results and discussion
3.1. Summary of reference measurements

The descriptive statistics of shallow and deeper topsoil samples
collected from regional and periurban areas in Ireland are presented in
Table 2. The pH (CaCly) values of shallow topsoil samples range between
2.60 and 7.78, with an interquartile range of 3.90-5.47 (50 % of sam-
ples), and mean and median of ~4.70. Deeper topsoil samples display a
similar distribution to shallow samples (Fig. 1), with pH values between
2.60 and 7.40, an interquartile range of 3.90-5.70 and mean and median
of ~4.80. Due to the greater proportion of organic material typically
found in shallower soil and the acidification process that normally occur
on the soil surface the interquartile range, mean and median pH values
of deeper topsoils are slightly more alkaline than shallow topsoils.

The %O0OM values of shallow topsoil samples range between 0.63 and
99.90, with an interquartile range of 9.66-55.10, mean of 33.05 and
median of 14.45. Compared to shallow topsoil samples, deeper soils
have a considerably lower content of OM, with an interquartile range of
4.53-35.05, mean of 26.65 and median of 7.16. This is consistent with
the observation that shallow topsoils typically contain more OM than
deeper topsoils, as the proportion of vegetation and other organic matter
decreases with depth in the soil profile. The large difference between
mean and median values of %OM in both depths are attributed to the
bimodal distribution of %OM values, which can be observed in the first
column of Fig. 1. The bimodal distribution reflects the large variability
in the region of peat soils, presenting mostly OM content >90 % in the
sampled area.

3.2. MIR spectra

The original and pre-processed DRIFT spectra of shallow (Fig. 2 a—d)
and deeper (Fig. 2 e-h) topsoils are shown in Fig. 2. The spectra were
pre-processed using first derivative and smoothing (Savitzky-Golay) to
reduce the baseline variation and enhance the spectral features (Rinnan,
2014). In order to facilitate the spectral interpretation a colour bar
containing information about the reference parameters (%OM and pH)
was used. For example, in Fig. 2a-b blue spectra have low contents of %
OM and red spectra have high contents of %OM.

The Mid-Infrared (MIR) soil spectra display absorptions bands
mainly at 3700, 2937, 2960, 2039, 2011, 1905, 1870, 1474, 1166, 1063,
821, 706 cm™!, common to MIR soil spectra reported in previously
studies (Baumann et al., 2021; Viscarra Rossel et al., 2008; Stenberg
etal., 2010). The absorption bands at 3700-3600 cm™! can be attributed
to alumino-silicates, such as kaolinite, smectite and illite (Viscarra
Rossel et al., 2008). The broad band around 3400 cm ™! can be attributed
to the OH group of residual soil water in the structure of alumino-
silicates (even after the oven-drying step) (Viscarra Rossel, et al.,
2008). The absorption bands at 2930-2850 cm™' and 1720 cm™! are
attributed to alkyl (—CH2) and carboxylic acid (—COOH), respectively,
resulting in a high %OM content as shown in Fig. 2a-b and Fig. 2e-f.
Proteins may be responsible for the absorption band at 1525 cm™,
phenolics (C—OH) for that at 1285 cm’l, and carbohydrates (C—O) for
that at 1100 cm™'. Again, in all these bands high %OM content is
observed as shown in Fig. 2b and Fig. 2f. More details about each band
can be found in the literature (Stenberg et al., 2010).

Fig. 2 a-b and Fig. 2 e-f display a high degree of similarity between

Table 2
Descriptive statistics of shallow and deeper topsoil samples.
Parameter No. Samples Min. Max. Q1-Q3 IQR Mean Median Std.
Shallow samples (5-20 cm) %O0OM 9396 0.63 99.90 9.66-55.10 45.44 33.05 14.45 33.42
pH 8790 2.60 7.78 3.90-5.47 1.57 4.71 4.70 1.00
Deeper samples (35-50 cm) %O0OM 9463 0.30 99.70 4.53-35.05 30.52 26.65 7.16 34.61
pH 9503 2.60 7.40 3.90-5.70 1.80 4.79 4.80 1.06
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Fig. 2. Original and pre-processed DRIFT spectra of shallow (a-d) and deeper (e-h) topsoils samples.

the shallow and deeper topsoil spectra but there are a few differences
related to %OM content at the 2500 cm ™!, 1200-1000 cm™! and 780
em™! regions and at the end of the spectra at 750-600 cm ™!, The minor
differences related to pH content in shallow and deeper topsoil spectra
are shown in the derivative spectra, which enhance the spectral varia-
tions: Fig. 2d and Fig. 2h show few differences at 772, 739 cm ™' and at
the tail end of the spectra at 750-600 cm™!. The absorptions in this
range can be attributed to the bending vibration of the B—O—B and
Si—O—Si linkages of their segments, resulting in more intense bands in
deeper topsoil samples due to the accumulation of B and sand in deeper
depths (Karmakar, 2016; Krivoshein et al., 2020).

These minor differences could be an indication that there are
different spectral signatures in shallow and deeper topsoil related to %
OM and pH. These different spectral signatures could result in an infe-
rior accuracy in the use of Library 1 to determine %OM or pH in deeper
topsoil or in the use of Library 2 to determine %OM or pH in shallow
topsoil.

3.3. Comparison of modelling approaches and variable importance

Pre-processing algorithms were compared with each regression
method. The first derivative and smoothing (Savitzky-Golay) algorithm
recorded the lowest RMSECV values for predicted %OM and pH values.
The accuracy parameters obtained by SVM, RF, Cubist and PLS

regression models for %OM and pH predictions of shallow and deeper
topsoil are presented in Table 3.

In all cases the PLS regression method resulted in the lowest accuracy
for %0M and pH predictions, in addition to excluding some validation
samples as outliers, i.e. samples with Hotelling T? and Q residuals values
above the limits calculated by the PLS model (Laursen et al., 2011). This
fact is attributed to the large variability in composition of the Irish soil
samples investigated, resulting in non-linear relationships between the
soil parameters and the MIR spectra (Sabetizade et al., 2021).

Among the machine learning algorithms evaluated, the Cubist al-
gorithm yielded the highest accuracy parameters in %OM predictions
for both shallow and deeper topsoil using libraries 1, 2 and 3. The Cubist
models were built using 30 committees and nine neighbours and this
combination resulted in the lowest RMSECV errors using the grid search
method. For pH determinations, the SVM and Cubist (30 committees and
zero neighbours) regression models yielded similar RMSEP, RPIQ and R>
values using the libraries 1, 2 and 3.

The models built using Library 1 predicted %OM and pH in shallow
topsoils with similar accuracy to that obtained in the cross-validation, i.
e. RMSECVghallow ~ RMSEPghai0w- However, in deeper topsoil pre-
dictions the errors obtained were in general 50 % larger than those
calculated in the cross-validation, i.e. RMSEPgeeper 1.5 x
RMSECVhallow-

Using Library 2, we observed the same behaviour in %OM and pH
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Table 3
Accuracy parameters obtained by SVM, RF, Cubist and PLS regression models in shallow and deeper topsoils for %OM and pH determinations.
Neal RMSECV/ R%; Nyal RMSEP/RPIQ RZ, Nyal RMSEP/RPIQ R%,

RPIQ Shallow Shallow Shallow Deeper Deeper Deeper

Library 1 % SVM 4763 1.22/37.22 0.9987 4633 1.35/35.10 0.9984 4604 1.84/25.76 0.9979
OM

RF 4763 1.51/30.07 0.9980 4633 1.44/32.91 0.9982 4604 2.02/23.46 0.9977

Cubist 4763 0.90/50.46 0.9993 4633 1.08/43.88 0.9990 4604 1.55/30.57 0.9985

PLS -19 LV 4763 1.80/25.23 0.9971 4449 1.87/25.34 0.9970 3783 2.13/22.25 0.9972

Library 2 % SVM 4859 1.04/27.21 0.9991 4633 2.13/22.25 0.9964 4604 1.17/40.50 0.9989
OM

RF 4859 1.23/23.01 0.9987 4633 2.25/21.06 0.9967 4604 1.21/39.17 0.9988

Cubist 4859 0.80/35.38 0.9995 4633 2.14/22.14 0.9968 4604 0.95/49.88 0.9993

PLS-19LV 4859 1.76/16.08 0.9974 4516 2.85/16.63 0.9949 4435 1.61/29.43 0.9980

Library 3 % SVM 9622 1.13/34.88 0.9989 4633 1.35/35.10 0.9984 4604 1.08/43.88 0.9991
OM

RF 9622 1.37/28.77 0.9984 4633 1.48/32.02 0.9981 4604 1.22/38.84 0.9988

Cubist 9622 0.83/47.49 0.9994 4633 1.12/42.31 0.9989 4604 0.91/52.08 0.9993

PLS-19LV 9622 1.97/20.01 0.9967 4542 2.05/23.12 0.9964 4350 1.74/27.24 0.9977

Library 1 pH SVM 4471 0.21/7.57 0.9557 4319 0.23/6.52 0.9430 4632 0.41/3.66 0.8547

RF 4471 0.28/5.68 0.9219 4319 0.27/5.56 0.9244 4632 0.43/3.49 0.8469

Cubist 4471 0.21/7.57 0.9576 4319 0.23/6.52 0.9421 4632 0.41/3.66 0.8526

PLS-13LV 4471 0.29/5.48 0.9140 4242 0.28/5.36 0.9128 4043 0.44/3.41 0.8234

Library 2 pH SVM 4871 0.30/6.00 0.9183 4319 0.31/4.84 0.9060 4632 0.34/4.41 0.8981

RF 4871 0.35/5.14 0.8901 4319 0.35/4.29 0.8817 4632 0.35/4.29 0.8905

Cubist 4871 0.30/6.00 0.9228 4319 0.34/4.41 0.9012 4632 0.34/4.41 0.8986

PLS-16LV 4871 0.37/4.86 0.8772 4238 0.34/4.41 0.8899 4521 0.38/3.95 0.8747

Library 3 pH SVM 9342 0.28/6.07 0.9248 4319 0.24/6.25 0.9401 4632 0.35/4.29 0.8949

RF 9342 0.33/5.15 0.8981 4319 0.28/5.36 0.9207 4632 0.36/4.17 0.8889

Cubist 9342 0.27/6.30 0.9323 4319 0.25/6.00 0.9366 4632 0.34/4.41 0.8954

PLS-17LV 9342 0.35/4.86 0.8860 4270 0.29/5.17 0.9126 4423 0.38/3.95 0.8739

predictions of deeper topsoil, i.e. RMSECVeeper ~ RMSEPeeper- For %
OM predictions in another depth, RMSEPg 4110w Values were almost twice
as large as RMSECV geeper- However, for pH predictions the errors ob-
tained for both shallow and deeper topsoil were similar, i.e. RMSECV-
shallow+deeper ~ RMSEPgeeper ~ RMSEPghaniow. These results shows that
the extrapolation of the model to determine pH and %OM values from a
different depth to those originally used in calibration, may result in a
loss of accuracy, especially in %OM predictions.

The close values of RMSECV, RMSEPeeper, RMSEPgha110w Obtained by
the Cubist regression model built using samples from both depths (Li-
brary 3), indicates that the Cubist algorithm was able to extract infor-
mation from both shallow and deeper topsoil samples simultaneously to
predict %OM and pH. In order to check if there are statistical differences
between the prediction results obtained by the Cubist models using Li-
braries 1, 2 and 3, two statistical tests were evaluated, the Wilcoxon
signed-rank test and the randomization test.

Both tests were carried out to check accuracy differences in the
following prediction models:

1 — Shallow topsoil predicted by the Cubist model using Library 3 vs
shallow topsoil predicted by Cubist model using Library 2. In other

Table 4
Wilcoxon signed-rank and the randomization test results.

words, we compared the RMSEP of 1.12 % vs 2.14 %, and RPIQ 42.31 vs
22.14 for %OM predictions; and the statistical differences between
RMSEP of 0.25 vs 0.34, and RPIQ 6.00 vs 4.41 for pH predictions.

2 — Deeper topsoil predicted by the Cubist model using Library 3 vs
deeper topsoil predicted by Cubist model using Library 1. That is,
RMSEP of 0.91 % vs 1.55 %, and RPIQ 52.08 vs 30.57 for %OM; and
RMSEP of 0.34 vs 0.41, and RPIQ 4.41 vs 3.66 for pH predictions.

The summary of the statistical test carried out to check accuracy
differences in the regression models and their respective results are
presented in Table 4. As noted all the p-values results obtained by Wil-
coxon signed-rank and randomization tests were <0.001. Thus, with a
significance level of probability of 0.05, we can conclude that the Cubist
models built using Library 3 improved the accuracy in predicting the
composition of samples from depths that are not represented in the
calibration set. In other words, predicting the composition of deeper
topsoil using shallow topsoil (Library 1) and predicting the composition
of shallow topsoil using deeper topsoil (Library 2).

The ability to predict %OM and pH in samples from both depths
using a unique model can minimize possible errors related to soil
collection in the field, such as mislabelling samples depths, improving

Library Predicted

Calibration model Library 1
%OM pH
RMSEP RPIQ p-value RMSEP RPIQ p-value
Wilcoxon* Wilcoxon*
Randomization** Randomization**
Cubist (library 3) 1.12 43.31 *<0.001 0.25 6.00 *<0.001
Cubist (library 2) 2.14 22.14 **<0.001 0.34 4.41 **<0.001
Calibration model Library 2
%O0M pH
RMSEP RPIQ p-value RMSEP RPIQ p-value
Wilcoxon* Wilcoxon*
Randomization** Randomization**
Cubist (library 3) 0.91 52.08 *<0.001 0.34 441 *<0.001
Cubist (library 2) 1.55 30.57 **<0.001 0.41 3.66 **<0.001
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the robustness of the proposed method, as well as eliminating the
requirement to build models to determine only shallow or deeper
topsoils.

This excellent performance of Cubist algorithm shows that the de-
cision trees were able to separate the complex SSL containing samples
from both depths in segments of homogeneous data, maximizing pos-
teriorly the use of linear multivariate regression models in these seg-
ments. The scatter plots showing reference versus predicted values of %
OM and pH in shallow and deeper topsoil in Library 3 using the Cubist
regression algorithm are shown in Fig. 3. In order to facilitate the scatter
plots analysis, a colour bar containing the recurrence of the predicted
values for each reference value was inserted.

The results obtained in %OM predictions using DRIFT spectroscopy
combined with the Cubistic algorithm are very close to those obtained
by the laboratory LOI method, with RMSEP values of 1.12 and 0.91 %,
RPIQ of 42.34 and 38.48; and R%al values of 0.9989 and 0.9993 in
shallow and deeper topsoil predictions, respectively. Analyses of the
recurrence of predicted values of %OM in Fig. 3 show that most of the
values range between 0 and 20 % and 90-100 %. In addition, these
samples were predicted with %OM values close to the reference ones.

The same methodology was able to determine pH values with
acceptable accuracy, presenting RMSEP values of 0.25 and 0.34; RPIQ of
6.04 and 4.94; R?,al of 0.9385 and 0.8954 in shallow and deeper topsoil
predictions, respectively. Despite the dispersion in the predicted pH
values in Fig. 3, the colour bar shows that most of the samples were
predicted with pH values close to the reference ones (green, yellow and
red). Only some samples, represented by dark blue, were predicted with
pH values that were significantly different from the reference ones. In
addition, both regression models were classified as excellent predictor
models (RPIQ values >4.05) according to (Ludwig et al., 2017), yielding
for shallow and deeper topsoil RPIQ values >4.90.

The reference and predicted maps of %OM and pH in shallow and
deeper topsoil, using Library 3 combined with the Cubist algorithm are
shown in Fig. 4. It is observed that %OM and pH maps display strong
similarity between the reference and predicted values in both shallow
and deeper topsoils, with a few variations across the map. These slight
variations can be better visualized on the prediction error maps, where
for %0OM and pH most of the validation samples are displayed with
prediction errors of +1 % and +0.25, respectively (yellow points), i.e.
about +1 x RMSEP for both models. This strong coherence between the
maps shows the excellent accuracy obtained by the DRIFTS methodol-
ogy in agriculture applications.
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The distributions of %OM and pH patterns of soils shown in Fig. 4
reflect bedrock geology, climate, topography, the presence of living
organisms and time. These soil-forming factors vary considerably across
Ireland, hence the large number of soil types across the country,
including the study area in this work. Ireland’s climate is described as a
temperate, west maritime with highest rainfall along the western
seaboard and inland areas of high relief. The combination of bedrock
geology and glaciation has influenced the spatial distribution of peat-
land (%OM > 30) and organo-mineral (%OM < 30) soils in Ireland.
These soils typically form in areas with impeded drainage and high
rainfall. The predominant soils in the west and north-west of the study
area are peat and organo-mineral; wet and acidic in nature characterised
by high % OM and low pH values. The landscape and climate of the
midland and eastern region of the study is different. These areas his-
torically have lower rainfall with more hours of daily sunshine and 40 %
of the midlands is underlain by Carboniferous rocks. Soil in these regions
are derived from calcite-rich limestone that underlies much of the cen-
tral and eastern parts of the study area. It is predominantly mineral soil,
with a tendency towards higher soil pH and lower %OM (Gardiner and
Radford, 1980; Hammond, 1981).

Fig. 5 shows the residuals (¥,¢crence
dation set by %OM and pH predictions in shallow and deeper topsoil. It
displays a positive bias for soil samples with high %OM content (>97.5
%), i.e. in this range (>97.5 % & <100 %) the validation samples were
predicted to have a %OM content slightly lower than the reference
values. However, this is not problematic since most of these samples
were predicted with errors <2 %. In addition, this range is composed of
only 82 (1.77 %) and 119 (2.58 %) samples from shallow and deeper
topsoil, respectively.

For pH predictions we observe a negative bias for samples from both
depths with pH < 3.0. Also, there is a positive bias for shallow topsoil
with pH > 6.1 and for deeper topsoil with pH > 6.3. That is, there is
some bias in the pH predictions for 467 (10.08 %) and 414 (9.58 %)
samples from shallow and deeper topsoil, respectively. Despite this
slight bias, as we can see in the predicted maps (Fig. 4), these differences
are minimal and do not give rise to significant variations in the %OM
and pH predicted maps.

During the construction of the Cubist regression models some vari-
ables were used more frequently to create the nodes or to fit the linear
models. These variables are known as important variables and are
calculated in percentages by their usage in the rule conditions of
Cubistic model (Kuhn et al., 2012). The importance of each variable
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Fig. 3. Scatter plots showing reference versus predicted values of %OM (first row) and pH (second row) in shallow (first column) and deeper (second column) soils in

Library 3 using the Cubist regression algorithm.



F.B. de Santana et al.

Catena 218 (2022) 106552

%O0OM Maps

Ref. %O0OM Shallow Pred.%OM Shallow

Error on pred. %OM Shallow

Error on pred. %0M

%0M
@ <-2.00
©2.00 :10,05
© 10.06:15.70 © -1.99:-1.00
© 15.71:24.80
© 24.81:30.00 © 0.99: 1.00
Ref.%OM Deeper Pred.%OM Deeper ©30.01:5430 Error on pred. %0OM Deeper ¢ 14, 200
p o 71.81:87.90 % ® >2.00
@ 87.91:100.00
pH Maps
Ref. pH Shallow Pred. pH Shallow Error on pred. pH Shallow
pH Error on pred. pH
©2.70:3.28
©3.29:3.75 & =-0.50
©3.76:4.27 © -0.49:-0.25
©04.28:4.72 N
©04,73:5.16 © p.24:025
©5.17:5.64
Ref. pH Deeper  Pred. pH Deeper 5051014 ® ‘gast ol
@®6.15:7.30 ® -050

Fig. 4. Reference and predicted maps of %OM and pH and their respective prediction errors, in shallow and deeper topsoils using the DRIFT methodology.

calculated by the Cubist model using Libraries 1, 2 and 3 in %OM and pH
determinations are illustrated in Fig. 6. The analysis of these variables
indicates which spectral regions/vibrational groups were important to
correlate the MIR spectra with the soil property evaluated, in this case %
OM and pH.

In general, Libraries 1 and 2 resulted in a similar importance variable
profile in %0OM and pH predictions. However, for %OM predictions a
close inspection of Fig. 6 reveals differences between the intensities of
the most important variables, i.e. in the range 810-600 cm ™! the model
built using Library 1 showed higher variable importance compared to
Libraries 2 and 3. This can be attributed to higher content of SiOy
accumulated in deeper topsoil with a higher mineral content. The high
content of SiO; in some deeper topsoil samples can contribute spectral
noise in this range, slightly changing the spectral signature of %OM
content with the MIR spectra, as shown in Fig. 2b and Fig. 2f.

On the other hand, in the range 3000-2800 cm ™! the %OM model
built using Library 2 presented higher variable importance than the
model built using Library 1. The important bands at 2979 cm™! and
2844 cm ! obtained by Library 2 are also related to the higher content of
SiO; in deeper topsoil, resulting in intense bands in this range, which are
negatively correlated with %OM, as shown in Fig. 2f.

There are also some specific bands in Library 1 that were not selected
by Library 2, such as the peaks at 1762, 666, and 610 cm ™. The opposite
behaviour was also observed, where the peaks at 2979, 1925, 1755 cm ™!
were considered important by Library 2 but were not considered
important by Library 1. For pH predictions the most important variables
display a high degree of similarity, with few differences at 2883, 1794,
1218 and 729 cm™!. These slight differences between the peaks and
band intensities for the values of pH and %OM are responsible for the
loss of accuracy in the use of Library 1 to determine %OM and pH in
deeper topsoils or in the use of Library 2 to determine these values in
shallow topsoils. The models built using Library 3 display an average
intensity importance between Library 1 and Library 2, this is attributed
to the use of samples from both libraries in Library 3. This behaviour is
clearly evident in the variable importance of %OM models.

In %O0OM predictions, the most important variables are located at:
3698, 3625, 2979, 2926-2910, 2844, 2115, 1925, 1795-1691,
1560-1380, 1235, 1200, 1165, 1072, 906, 840, 810, 783 and 698 cm_ ™’
The variables at 3690-3620 cm ™! are associated with clay minerals,
resulting in low value of %OM in Fig. 2b and 2f. Those at 2930-2840
cm ™! reflect —CH and SiO,, while those at 2115 cm ™! can be attributed
to alkyne. Variables at 2000-1900 cm™! can be attributed to C—H
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Fig. 5. Residuals obtained by Cubist regression models in %OM and pH determinations in shallow and deeper topsoils.

bending (aromatic), at 1800-1700 em™! to C=0, at 1535 em™! to
protein amide, at 1480-1350 cm™! to methyl —CH, at 1100-1000 to
quartz (resulting in a low values of %OM in Fig. 2b and 2f), at 900-780
em~! to —CH and at 700-600 to iron oxides, B—O—B and Si—O—Si
linkage (Baumann et al., 2021; Soriano-Disla et al., 2014; Stenberg et al.,
2010; Krivoshein et al., 2020).

The most important variables in pH predictions are located at: 2926,
2862, 1794, 1714 (most intense), 1688, 1517-1510, 1479, 1389, 1218,
794 and 726 cm 1. Most of these bands have already been discussed in
%OM models (2926, 2862, 1479, 1389 and 794 cm™1). The absorption
band at 1517 cm™! can be attributed to —CH and —NH, that at 1218
cm ! may be attributed to C—O, that at 726 cm ™! may be attributed to
benzene derivative and the most important bands at 1720-1680 cm ™
are related to C=O0 of carboxylic acid and esters, indicating high values
of pH in this range Fig. 2d and 2 h (Ch’ng et al., 2011; Soriano-Disla
et al., 2014; Stenberg et al., 2010).

The combination of the important variables (Fig. 6) with the spectra
containing a colour bar related to pH and %OM content (Fig. 2), enables
visualization of the spectral signatures related pH and %OM content in
shallow and deeper topsoil. Also, the most important variables selected

10

by the regression models are chemicals related to pH and %OM,
attributing chemical, in addition to mathematical, meaning to the
regression models. Finally, all of these results elucidate the differences
in RMSEP and RPIQ values obtained by the use of samples from shallow
topsoil to predict samples from deeper topsoil and vice-versa.

4. Conclusions

In this paper an accurate, rapid and cost-effective methodology to
predict %OM and pH in shallow and deeper topsoil samples from agri-
cultural and non-agricultural regions was developed. The spectral li-
braries collected in MIR range using HTS-DRIFT system were combined
with laboratory data and used to assess differences in %OM and pH
predictions in Irish shallow and deeper topsoil. Among the regression
methods tested, the Cubist algorithm built using shallow and deeper
topsoil achieved the best accuracy parameters in %OM and pH pre-
dictions in shallow and deeper topsoil using a unique multivariate
regression model. The proposed methodology was able to determine the
pH values with good accuracy, with RMSEP values of 0.25 and 0.34;
RPIQ values of 6.04 and 4.94; R‘z,al of 0.9385 and 0.8954 for shallow and
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Fig. 6. Variable importance for %OM (first row) and pH (second row) determinations in libraries 1, 2 and 3 using the Cubist regression algorithm.

deeper topsoil, respectively. The %OM content was predicted with
comparable accuracy to that of the laboratory LOI reference method,
with RMSEP values of 1.12 and 0.91 %; RPIQ values of 42.34 and 38.48;
R%al values of 0.9989 and 0.9993 in shallow and deeper topsoil,
respectively. Both regression models are classified as excellent pre-
dictions models, yielding RPIQ values >4.05 for shallow and deeper
topsoil.

The important variable analysis of Cubist models combined with the
first derivative of the spectra ensures that the important variables are
chemically related to the %OM and pH in soil. This confirms that the
Cubist algorithm was able to extract the appropriate chemical infor-
mation from the SSL to build the regression models. This study con-
tributes towards the understanding of the analysis of soil from different
depths using Mid-Infrared spectroscopy, demonstrating that for different
depths there are minor different spectral group associations with the
values of pH and %OM, which resulted in an inferior accuracy in the
extrapolation of the model built using shallow topsoil to predict samples
from deeper topsoil or vice versa. The proposed methodology shows
high potential to be used as a routine rapid alternative or complemen-
tary method in soil laboratories to determine %OM and pH. The speed of
analysis can lead to the development of accurate, high-resolution maps
of soil composition in agricultural and non-agricultural regions,
enabling ongoing cost-effective monitoring. Finally, the proposed
methodology can contribute to achieving the goals of the Irish 2030
agri-food strategy goals.
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