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Summary

Quantification of the soil organic carbon (SOC) content over large areas is mandatory to obtain accurate soil
characterization and classification, which can improve site-specific management at local or regional scales. In
this context, soil spectroscopy is a well-consolidated and widespread method to estimate soil variables, and in
particular SOC content, at a low cost for routine analysis. The increasing number of large soil spectral libraries
collected worldwide reflects the importance of spectroscopy in soil science. These large libraries contain soil
samples derived from a large number of pedological regions and thus from different parent materials and soil
types. In the light of the huge variation in the spectral responses to SOC content and composition, a rigorous
process is necessary to subdivide large spectral libraries to avoid calibration with global models that fail to predict
local variation in SOC content. Here, we propose to classify the European LUCAS topsoil database with a cluster
analysis based on a large number of soil properties. The soil samples collected from arable land in the LUCAS
database were chosen to apply a standardized multivariate calibration approach, valid for large areas, to calibrate
local models without the need for further field and laboratory work. Cluster analysis detected seven soil classes
and the samples belonging to each class were used to calibrate specific partial least squares regression (PLSR)
models to estimate SOC content in three spectral libraries collected in Belgium and Luxembourg. Soil organic
carbon was predicted with good accuracy, both within each library (root mean square error (RMSE), 1.2-5.1¢
kg™!; ratio of performance to prediction (RPD), 1.41-2.24) and for the samples of the three libraries together
(RMSE, 3.7 ¢ kg™'; RPD, 2.54). The proposed approach could enable SOC to be estimated for arable soils in
Europe with only the spectra of soil samples and without the need for laboratory analyses.

Highlights

We investigated the potential of the LUCAS database to estimate SOC in spectral libraries.

‘We proposed a routine approach to estimate SOC with less laboratory work.

The classification of the LUCAS topsoil dataset improved estimation accuracy of SOC

SOC content can be predicted from soil spectra with models calibrated on the LUCAS database.

Introduction

Soil organic carbon (SOC) considerably influences fertility in arable
and grassland soil (Sanchez et al., 2009). The estimation of SOC
content is not only important for agricultural purposes, but also
because of its crucial role in the global carbon cycle. Therefore,
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quantification of the SOC stock has also become important for
environmental monitoring and in relation to global warming
(Paustian et al., 2016). Recently, Minasny et al. (2017) reviewed
the status of SOC stocks in 20 regions of the world, including the
potential for improved management in the framework of the ‘4 per
mille’ initiative: ‘Soils for Food Security and Climate’. They found
that the potential for C sequestration was largest in arable land and
that individual farmers face the challenge of developing techniques
to increase the SOC status of their soil.
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Soil spectroscopy is a well-established and widespread method
to estimate soil properties by exploiting the interaction between
chromophores and visible (vis, 400—780nm) and near infrared
(NIR, 780-2500 nm) radiation. This interaction is evident from
absorption features associated with overtones (energy transition
from fundamental to excited state) of functional groups (Clark,
1999). The increasing number of large soil spectral libraries
worldwide testifies to the importance of VNIR spectroscopy
(e.g. Knadel et al., 2012; Peng et al., 2013; Guerrero et al., 2016).
Recently, some of these libraries were grouped to form a global
spectral library (Viscarra Rossel et al., 2016), consisting of 23 631
soil samples from 92 countries. Moreover, in the framework of the
European land use/cover area frame statistical survey (LUCAS), a
large European soil spectral library was collected in 2009 (Té6th
et al.,2013). The LUCAS topsoil database consists of about 20 000
soil samples from the 25 member states of the European Union, and
for each sample, in addition to spectral acquisitions, 12 chemical
and physical variables were measured.

In spite of the existence of these large soil spectral libraries,
most published research concerns the calibration of prediction
models with local soil datasets (e.g. Casa et al., 2013). To achieve
a representative local dataset, which includes the entire variation
in the study area, extensive sampling, spectral acquisition and
laboratory analysis of properties (e.g. SOC) are necessary. All
three procedures are time consuming and expensive. Moreover,
even if validation of the local models within the same area
of calibration often provides good results, the applicability of
these empirical models in areas with different soil conditions
(extrapolation) is difficult or impossible. Until physically based
models are developed, care should be taken that the calibration
dataset covers as much of the variation in the validation set as
possible. A possible way to solve issues related to the collection
of a representative ad hoc local dataset could be the use of large
soil spectral libraries. These cover an extensive area with a range
of soil conditions from which to derive calibration models that
could be applied to different soil datasets, while at the same time
ensuring standardization of the analytical techniques. To exploit a
model calibrated with another library, however, it is necessary to
use the same protocol in the field and laboratory, and the same
spectral instrument for both datasets. Alternatively, when different
instruments are used, a spectral transfer procedure can be applied
to quantify and correct the differences between the spectral outputs
provided by the two instruments, commonly called master and
slave instruments (e.g. Shenk & Westerhaus, 1991a; Fearn, 2001;
Kopackovd & Ben-Dor, 2016).

The ‘spiking’ approach could increase the estimation accuracy
of calibrations obtained from large libraries for use at local scales,
but this means that some samples from the target site have to be
added to the calibration matrix (Guerrero et al., 2010; Wetterlind
& Stenberg, 2010; Peng et al., 2013). Moreover, this approach
involves choosing which and how many target samples to add to
the large library, and also to use for laboratory analyses to measure
the target variables of the selected samples.
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Large libraries, especially national and continental libraries,
contain soil samples from a range of pedological regions with
different parent materials and soil types. This heterogeneity entails
variation of the mineralogical and organic contents (Clark, 1999;
Chabrillat et al., 2002; Castaldi et al., 2015). This heterogeneity in
large libraries is very relevant if the target variable is organic matter
because of its structural complexity. Organic matter composition,
and thus its interaction with the radiation along the electromagnetic
spectrum, is influenced by the source of organic materials and
their degree of mineralization, resulting in a very variable spectral
response (Ben-Dor et al., 1997). The same SOC content can be
derived from many types of organic matter, which affect the spectral
shape in different spectral regions. The spectral features related to
organic matter occur along the entire spectral region, because of
the heterogeneity of its components. Strong correlations between
reflectance and organic matter content were detected in the visible
region at 450, 590 and around 664 nm (Ben-Dor et al., 1997).
However, the large correlations in the visible region are mainly
due to the direct relation between darkness of the soil and quantity
of organic matter (Castaldi et al., 2016). This relation is true,
ceteris paribus, for the same soil moisture content and same parent
material. Many important features for the estimation of SOC are
in the NIR region (Viscarra Rossel & Behrens, 2010). They relate
to specific chemical bonds: between carbon and hydrogen (C—H)
at 1340—1380 nm, the amide nitrogen—hydrogen bond (N-H) and
the bond between oxygen and hydrogen in the hydroxyl group,
both at 1860—1900 nm. Lignin and cellulose, two of the main
organic compounds, affect the reflectance between 1600—1800 nm
and around 2100 nm, respectively (Ben-Dor et al., 1997). Other
features linked to cellulose, lignin and starch occur around 2300 nm,
close to features related to phenolic, amide and aliphatic groups
(Ben-Dor et al., 1997).

The large variation in spectral response to soil properties and char-
acteristics means that a rigorous process is necessary to subdivide
large spectral libraries and to avoid the failure of global models
to predict local variation in SOC content (Stevens et al., 2013).
The subdivision of large spectral libraries to improve the estima-
tion of soil variables can be carried out with two types of infor-
mation: (i) auxiliary variables (Wijewardane et al., 2016), parent
material or land cover (Stevens et al., 2013) to derive the classes and
(i1) vis—NIR spectral data to decrease the number of samples in
the calibration models by a local approach, whereby sets of sam-
ples spectrally similar to each sample of the validation dataset can
be selected (Clairotte ef al., 2016; Viscarra Rossel et al., 2016),
or by cluster analysis to group spectrally similar samples together
(Aratjo et al., 2014, Shi et al., 2014). Two examples where the local
approach with spectral data was enhanced by including an auxiliary
variable are use of the LUCAS spectral data with sand content and
geographical coordinates (Nocita ef al., 2014), and Shi ef al. (2014)
created local models from the Chinese vis—NIR spectral library and
the soil geographical zones.

Here, we propose to subdivide the LUCAS topsoil database
into soil classes based on all 12 available soil properties. The
arable land soil samples within LUCAS were used to apply a



standardized multivariate calibration approach that can be applied to
estimate variables of most agricultural soil types in Europe without
additional field and laboratory work. We are not aware of any study
that has used LUCAS topsoil or any other large spectral library to
predict SOC by exploiting only the spectra of the samples.

To verify the potential of the LUCAS data to estimate SOC
content in geographically local libraries, we followed five steps:
(1) classification of the LUCAS samples collected from arable land,
(ii) calibration of partial least squares regression (PLSR) models
for each LUCAS class detected, (iii) comparison of the original
LUCAS spectra with those obtained in a different laboratory with
the same instrument, (iv) classification of three spectral libraries
collected at the target sites (two in Belgium and one in Luxembourg)
according to LUCAS classes and (v) estimation of SOC content by
applying the LUCAS calibration models of a specific soil class only
to samples of the target sites of the same class.

Materials and methods
Cluster analysis on LUCAS topsoil database

Each sample of the LUCAS topsoil database (Section S1, Sup-
porting Information) was linked to the general LUCAS land-use
and land-cover database (Eurostat, 2015) through an identification
number (POINT_ID). This enabled selection of soil variables and
spectra of the samples from arable land only (cereals, root crops,
non-permanent industrial crops, dry pulses, vegetables, flowers,
fodder crops, permanent crops and fallow land). This subset con-
sists of 12 128 samples and will be referred to as LUCAS_crop. The
cluster analysis of LUCAS_crop based on the 12 soil variables used
the k-means clustering algorithm of Hartigan & Wong (1979) and
Euclidean distance as a metric. This algorithm has been used suc-
cessfully in the past to improve the prediction performances of large
spectral libraries (e.g. Aradjo et al., 2014). There is some correla-
tion among the 12 soil variables (e.g. pH in H,0 and CaCl,, SOC and
N), but they provide different information; therefore, removing any
could lead to a loss of information (Table S1). Therefore, we carried
out a principal component analysis (PCA) to obtain uncorrelated
principal components, while still preserving most of the informa-
tion (Shi et al., 2014). The PCA was performed on the correlation
matrix (Section S2, Supporting Information).

We set the optimal number of clusters by the ‘gap’ method
(Tibshirani et al., 2001); the gap value (Gap,) was calculated for
each number of clusters, ¢, and the largest was selected. The Gap,
is the difference between the logarithm of the within-cluster sum of
squared distances from the cluster means InW ) and its expected
value under an appropriate null reference distribution E*[In(W )]
defined by bootstrapping, where 7 is the sample size.

We used the soil classes from cluster analysis with spectra to
classify soil samples without any information about soil variables.
For this, we used an artificial neural network (ANN) for discrim-
inant analysis on the LUCAS_crop dataset, which is generally
advantageous for categorical discrimination compared with tradi-
tional parametric techniques. A multilayer perceptron feed-forward
neural network was created, where the input layer includes the
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soil spectral data and the output layer contains as many neurons
as detected classes. The number of units in the hidden layer that
provided the best cross-validation results of the classification was
chosen to establish the final neural network architecture. The
training dataset comprised 8530 samples (70%) extracted from
LUCAS_crop. They were selected to take into account the relative
frequency of each class detected by cluster analysis. We then tested
the ANN on the remaining 3656 samples of LUCAS_crop. The
overall process of discrimination (i.e. from selection of training
and testing datasets to evaluation of the accuracy) was repeated 10
times, randomly extracting soil samples each time. The classifica-
tion accuracy of the discriminant analysis was evaluated for each
setting (different number of neurons in the hidden layer), both in
general, including the weighted Cohen’s kappa coefficient (k), and
for each class. The iterative process allows a more robust validation,
avoiding unrealistic results because of certain characteristics of the
training and test datasets.

Geographically local spectral libraries

Three soil spectral libraries were collected in Belgium and Luxem-
bourg (Figure 1).

Two libraries were collected in Belgium; the first comprises 54
samples from the northern part of Wallonia (Loam belt), along a
7-km-wide SW—NE strip of land from Gembloux to Sint-Truiden,
whereas the second includes 61 samples from the entire Wal-
loon region (Belgium). The northern part of Wallonia is mostly
characterized by recent geological formations of the Quaternary,
Tertiary and Secondary (Cretaceous) Eras. The area south of the
Sambre—Meuse river axis is mainly characterized by geologi-
cal formations from the Paleozoic Era (Devonian period), with
outcrops from the Carboniferous, Cambrian and Silurian periods
(Goidts & van Wesemael, 2007). The most productive soils are in
the Loam belt where the Niveo-aeolian loess mainly occurs. Schist
and psammite bedrock in association with limestone outcrops is fre-
quent in the southern part. However, a thin loess cover persists (silt
loam soils alternating with stony loam soils), which makes the soils
suitable for agriculture. The average annual temperature decreases
from the coast (around 10—11°C) to the Ardennes (around 8—9°C).
The average annual precipitation shows the opposite trend (from
700 mm on the coast to 1200 mm in the Ardennes).

The third spectral library comprises 84 samples from the central
and northern part of the Grand Duchy of Luxembourg within
the Gutland—Oesling region. The northern region (Oesling) is
characterized by a sub-horizontal plateau with a mean altitude of
450 m; the soils of this region are derived from Devonian slate,
quarzite and sandstone substrates (Dystric Regosols and Dystric
Cambisols (IUSS Working Group WRB, 2006)). The soil parent
material in the southern region (Gutland) includes secondary marls,
limestone, sandstone and dolomite. The Gutland region can be
divided into two sub-regions: in the north the soils are mainly sandy
loam, clay loam and clay (Dystric Cambisol (IUSS Working Group
WRB, 2006)) and in the south the texture is sandy or sandy loam
(Haplic Luvisols (IUSS Working Group WRB, 2006)).

© 2018 British Society of Soil Science, European Journal of Soil Science
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Figure 1 Map of the three sampling areas that relate

to the soil spectral libraries.

Each sample was a composite of five subsamples from the
0-10-cm depth (0—20 cm for the Wallonia library), taken with a
gouge auger within a 5-m radius. Soil samples were air-dried and
passed through a 2-mm sieve in the laboratory. Each sample was
scanned by the same instrument and the protocol was the same
as that used for scanning the LUCAS dataset. The SOC values
were measured by the same protocol and instrument as those in
the LUCAS database (see Section S1) and they were used only to
evaluate the accuracy of the prediction models.

Estimation of SOC in LUCAS_crop

To test the value of the clustering, we split each class detected
within the LUCAS_crop dataset into calibration and validation
subsets using the DUPLEX algorithm (Snee, 1977) on the spectral
data, creating two subsets for each class with similar spectral
properties and the same number of samples. The algorithm enables
selection of calibration and validation datasets that represent the
variation present. The DUPLEX algorithm was applied using the
prospectr package (Stevens & Ramirez-Lopez, 2014) developed in
R software (R Core Team, 2014). First, outliers were deleted from
each class of LUCAS_crop.

Samples with an SOC content below or above 1.5 times the
interquartile range (IQ) were considered outliers (Tukey, 1977) and
were excluded from the calibration subsets used to form the partial
least squares regression (PLSR) models. Each of these calibration
models was validated on each validation subset, and not only on
the subset of the same class. This enabled verification of whether
a reasonable estimation accuracy was restricted to the validation
subset of the same class, confirming goodness of the classification
process.

© 2018 British Society of Soil Science, European Journal of Soil Science

Partial least squares regression (PLSR) is a well-known mul-
tivariate regression method in soil spectroscopy that enables an
optimal linear model to exploit a limited number of uncorrelated
components (i.e. the spectral bands) (Wold et al., 2001). The com-
ponents of the PLSR model are obtained by taking into account
both the predictor matrix (in this case the spectral bands) and the
dependent variable (SOC). We assessed the accuracy of each SOC
prediction model for the calibration and the validation models
with the root mean square error (RMSE; Equation (1)), ratio of
the performance to deviation (RPD; Equation (2)), ratio of perfor-
mance to interquartile range (RPIQ; Equation (3)) and coefficient
of determination (R?):

(D)
RPD = —% | 2)
RMSE
__IQ
RPIQ = RMSE’ 3)

where y, is the observed and y, is the predicted value, n is the
number of the samples, ¢ is the standard deviation and IQ is the
interquartile range.

Estimation of SOC in local libraries

We estimated SOC content in the three geographically local
libraries using two different approaches.



The first approach was based on the dataset collected by the
laboratories of the REQUASUD agricultural extension service
network; it comprises about 10000 samples collected within the
Wallonia region. The spectra of this dataset were acquired with an
XDS Rapid Content Analyzer (FOSS NIR Systems Inc., Laurel,
MD, USA) spectroradiometer between 400 and 2500 nm. They
were used to calibrate local PLSR models (Genot et al., 2011) to
estimate SOC in the three spectral libraries (Luxembourg, Wallonia
and Loam belt). The local approach entailed the selection of the
spectra of the calibration model according to the similarity index.
This index is based on the coefficient of determination (R?) between
the spectrum to be predicted and the spectra of the REQUASUD
library. This procedure reduces the calibration dataset by selecting
only the samples with a similarity index of 0.99. Thus, if there were
not enough correlated spectra, the SOC of the sample would not be
estimated (Genot et al.,2011). For the samples of the three libraries,
however, the number of correlated spectra was always sufficient.

The second approach entailed the classification of each sample of
the three libraries by applying the ANN trained by the LUCAS_crop
dataset. Then, we predicted SOC content of the three libraries with
the PLSR model calibrated with the LUCAS_crop subset of the
same class (Figure 2).

The estimation accuracy of the predictive models calibrated with
large spectral libraries is not known in advance; therefore, possible
outliers should be detected from the available data (i.e. the spectra).
Therefore, before SOC was estimated for samples of the target sites,
amodified Mahanalobis distance (GH) was calculated between each
spectrum of the three spectral libraries and the average spectrum of
REQUASUD to detect outliers (Shenk & Westerhaus, 1991a; Genot
etal., 2011; Gogé et al., 2012). The GH values for LUCAS_crop
were computed after cluster analysis in this case; GH was the
distance between each spectrum of the spectral libraries and the
average spectrum of LUCAS_crop belonging to the same class. For
example, for a Belgian sample classified as B, the GH value was
calculated as the distance between its spectrum and the average
spectrum of class B in LUCAS_crop. Each spectrum of the dataset
was transformed to a standard normal variate (SNV) and a PCA
was carried out on these spectra. Mahanalobis distance was then
calculated for each sample and divided by the number of principal
components used (Shenk & Westerhaus, 1991b; Genot et al., 2011).
The GH value measures the similarity between a spectrum and
all of the others. In other words, large values of GH indicate a
large distance between the investigated spectrum and the average
spectrum of REQUASUD or LUCAS_crop. Values of GH greater
than three are considered to indicate outliers (Shenk & Westerhaus,
1991b). For spectra with a GH >3, spectroscopic prediction models
were not used and samples were analysed by traditional laboratory
analysis.

Results

Cluster analysis and SOC estimation in the LUCAS_crop
dataset

Cluster analysis was carried out with eight principal components,
which explained 97% of the variance of the 12 soil variables
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Table 1 Eigenvalues and percentages of explained variance from the
principal component analysis (PCA) of the LUCAS_crop dataset

Order Eigenvalue Percentage Accumulated percentage
1 3.61 30.11 30.11
2 2.60 21.68 51.79
3 1.45 12.12 63.91
4 1.23 10.24 74.15
5 0.97 8.08 82.23
6 0.76 6.37 88.60
7 0.59 4.95 93.55
8 0.48 4.00 97.55
9 0.20 1.65 99.20

available in the LUCAS topsoil dataset (Table 1 and Section S1).
The largest Gap, value in the cluster analysis was for seven clusters;
the classes are labelled with letters from A to G (Figure 3, Table 2).
The soils of Class A are mainly a slightly basic loam with a large silt
content (47.3%) and a mean SOC content of 29.67 gkg™! (Table 2).
They are also characterized by large values of P, K, N and CEC.
Class B consists of slightly acid soil (pH, 5.6) with a sandy loam
texture (sand, 70.6%), small CaCO, content (0.4 g kg=!) and small
macroelement (N, P, K) and SOC contents. The soils classified as C
are also slightly acid with small N, P, K, SOC and CaCOj; contents;
the texture is silty loam with a large silt content (57%). Class D
consists mainly of acid organic soils with a large organic carbon
content that ranges between 134.9 and 570 g kg™! and with a mean
of 318.6 g kg~!. The soils of class E have a clay loam texture, a
basic reaction, large CaCO; content (391.8 g kg™!), small mean
SOC content (16.9 g kg™!) and are generally rich in extractable K
(283.4mg kg!). Class F has soil with a slightly basic pH, a sandy
loam texture (sand, 54.3%) and small nutrient content (SOC, N, P,
K). The soils of class G have a silty clay loam texture with small
sand content (15.6%), and consistent quantities of CaCO; (60.8 g
kg™!) and K (326.4 mg kg™").

The overall accuracy obtained by the ANN discriminant analysis
using five neurons in the hidden layer was 0.80 with a kappa
coefficient of 0.75 (Table 3). The accuracy for each class ranged
from 0.72 (F) to 0.91 (E), except for class A (in this case the
accuracy was poor (0.39)).

The best PLSR calibration models for the prediction of SOC, in
terms of RPD, RPIQ and R?, were obtained for classes C (RPD, 2.0)
and G (RPD, 2.1) (Table 4). The smallest RMSE values were for E
and F (4.0g kg™"). The good results obtained with the calibration
models for C and G were confirmed by the validation (RPD > 2).
Nevertheless, SOC was also predicted well for the other classes
(RPD ranges between 1.6 and 2.0), in particular class A (RPD,
2.0; RMSE, 6.6; RPIQ, 2.6; R?, 0.8). The validation against a
class different from the one for which the models were calibrated
(e.g. model calibrated on A and validated on C) always provided
poorer results than the validation on the same class (Tables 5).
However, we obtained satisfactory results with the PLSR model of
class A to predict SOC in class C (RPD, 1.9) and with the model
for class C to predict samples of B (RPD, 1.8). For both cases, no

© 2018 British Society of Soil Science, European Journal of Soil Science
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satisfactory results were obtained by inverting the calibration and
validation datasets.

Estimation of SOC in geographically local libraries

The SOC contents of soil samples of the Luxembourg dataset
varied between 6.6 and 49.8 ¢ kg~!, with a mean value of 23.4¢
kg~! (Table 6). Although the Luxembourg samples were collected
in a more confined area than the ones in the Walloon dataset,
their variability is much greater. The SOC content in the Walloon
samples ranged from 7 to 43.1g kg~!, but most of the values
were close to the mean (11.8g kg™!). The SOC values in the
Loam belt were quite small (mean, 10.2 g kg~'; standard deviation,
1.69 g kg™).

© 2018 British Society of Soil Science, European Journal of Soil Science

SOC Figure 2 Flow chart showing the methodology

measured for estimating soil organic carbon content in the

values three local libraries with the LUCAS topsoil
database.

The ANN trained with spectral data of the classified LUCAS_crop
dataset was applied to the spectral libraries of the target sites: 86
samples were in class A (72 in Luxembourg and 14 in Wallonia) and
18 in class B (five in Luxembourg and 13 in Wallonia), whereas all
samples of the Loam belt belonged to class F, together with seven
samples in Luxembourg and 34 in Wallonia (Table 6). Because most
of the samples of class A came from the Luxembourg dataset (84%),
this class was the most variable in terms of SOC content (Table 6),
whereas the standard deviations of the other two classes were <3 g
kg™!.

The FOSS spectral measurements had strong repeatability (see
Section S1; Table S2; Figure S1); therefore, the PLSR models cal-
ibrated with LUCAS_crop were applied directly to the geographi-
cally local spectral libraries (i.e. without any spectral transfer func-
tion). The GH values from the REQUASUD dataset showed 37
outliers: 27 in Luxembourg, two in Wallonia and eight in the Bel-
gian Loam belt dataset. The GH value from LUCAS_crop enabled
removal of 18 outliers in the Luxembourg dataset, whereas GH was
below 3 for all samples from the other two libraries. The overall
accuracy using the REQUASUD model improved consistently after
removal of outliers (RMSE, 3.4 gkg™'; RPD, 3.13; RPIQ, 2.20; R?,
0.8) (Figure 4a; Table 7). Overall, the LUCAS_crop models pro-
vided satisfactory accuracy both before (RMSE, 4.0 g kg™!; RPD,
2.47; RPIQ, 2.20; R?, 0.8) and after (RMSE, 3.7 gkg™'; RPD, 2.54;
RPIQ, 1.46; R?, 0.8) the removal of outliers (Figure 4b). The best
estimation accuracy was obtained with the Luxembourg libraries for
both approaches (RPD > 2).

Discussion

Systematic reduction of the heterogeneity in the LUCAS_crop
dataset by cluster analysis

Classification of the LUCAS crop dataset resulted in more effec-
tive models being fitted to estimate soil properties at the local
scale (Genot efal.,, 2011; Nocita et al., 2014; Guerrero et al.,
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Table 2 Descriptive statistics of soil variables for the seven classes detected by cluster analysis (n is the number of samples)

oC CaCO3/ CEC /cmol(+)

Class Coarse /% Clay /% Silt/% Sand/% pHinH,O0 pHinCaCl /gkg™' gkg™! N/gkg™' P/mgkg™' K/gkg™' kgt
A (n=554)

Min 0 6.0 10.0 2.0 4.6 4.0 8.3 0 0.9 0 58.7 1.0
Mean 14.6 26.1 47.3 26.7 7.2 6.7 29.7 54.5 2.8 106.5 764.2 21.1
Max 68.0 66.0 82.0 81.0 8.8 7.8 178.5 549.0 12.7 789.8 7342.0 58.2
SD 10.7 10.2 14.7 16.7 0.7 0.7 20.8 95.6 1.7 64.6 689.3 8.5
B (n=2475)

Min 0 0 1.0 35.0 3.6 3.0 2.0 0 0.2 0 0 1.0
Mean 9.8 8.7 20.7 70.6 5.6 5.0 21.5 0.4 1.8 43.8 111.9 7.0
Max 67.0 38.0 54.0 97.0 7.2 6.8 183.1 7.0 11.2 179.3 797.8 48.6
SD 8.7 55 10.0 13.5 0.6 0.6 19.9 0.7 1.3 30.0 86.7 4.6
C (n=2805)

Min 0 2.0 17.0 1.0 3.7 3.2 2.8 0 0.3 0 0 1.0
Mean 12.1 21.6 57.0 21.4 6.0 5.5 25.7 1.2 2.3 33.0 168.1 12.2
Max 62.0 70.0 90.0 56.0 8.0 7.5 181.4 95.0 12.5 128.2 919.7 46.9
SD 9.4 8.9 13.8 129 0.7 0.8 20.1 3.9 1.4 23.0 101.8 5.4
D (n = 140)

Min 0 0 0 0 3.7 3.0 134.9 0 8.2 0 0 13.6
Mean 12.5 5.1 7.0 5.0 5.3 49 318.6 11.3 18.0 34.4 193.5 69.5
Max 55.0 70.0 57.0 64.0 7.4 7.1 567.0  406.0 38.6 226.3 1885.0 190.4
SD 12.6 13.0 16.1 13.0 0.9 1.0 104.8 47.8 6.4 34.1 209.8 44.2
E (n=1565)

Min 1.0 1.0 15.0 1.0 6.8 6.4 1.0 114.0 0.3 0 0 1.0
Mean 16.5 28.3 46.3 25.4 8.0 7.4 169  391.8 1.5 21.5 283.4 18.1
Max 73.0 65.0 86.0 73.0 8.9 8.1 123.0  909.0 11.0 136.8 1061.0 61.8
SD 10.9 8.7 10.8 13.5 0.3 0.2 11.2 140.2 0.9 21.2 160.2 6.5
F (n=2424)

Min 0 1.0 1.0 21.0 6.0 5.1 1.0 0 0 0 0 1.0
Mean 12.3 16.2 29.5 54.3 7.4 6.8 13.4 30.9 1.5 27.9 165.8 13.5
Max 67.0 40.0 71.0 97.0 9.7 8.1 335 390.0 9.5 130.2 1039.0 55.7
SD 9.7 6.7 10.8 13.7 0.6 0.5 12.0 56.2 0.9 23.9 111.9 6.0
G (n=2223)

Min 0 7.0 13.0 1.0 4.8 4.3 1.0 0 0.6 0 0 1.0
Mean 13.3 36.4 48.0 15.6 7.5 7.0 25.1 60.8 2.4 25.8 326.4 27.9
Max 66.0 79.0 81.0 71.0 10.1 9.3 160.3 380.0 13.2 124.6 1276.0 137.0
SD 10.6 11.8 13.0 10.2 0.6 0.6 19.3 72.1 1.6 21.5 189.3 10.3

Rows report basic statistics, including minimum (Min), mean, maximum (Max) and standard deviations for each soil variable (OC, organic carbon; CaCO3,
calcium carbonate; N, nitrogen; P, phosphorus; K, potassium; CEC, cation-exchange capacity).

Table 3 Confusion matrix for the accuracy of classification obtained by the
ANN discriminant analysis on the LUCAS_crop validation dataset

Class A B C D E F G

A 039 0 0.12 0 0.05 0.18 0.26
B 0.01 0.8 008 001 O 0.05  0.00
C 0.01 006 084 0 0 0.06  0.03
D 0 0.11 0 082 0 0 0.07
E 001 O 0 0 091 0.04 0.05
F 0.02 008 007 0 0.04 0.72 0.07
G 0.03 001 005 0 0.03 0.09 0.80

Overall accuracy ~ 0.80
k* 0.75

2k, Cohen’s kappa coefficient.
ANN, artificial neural network.

2016). Guerrero et al. (2016) showed that a non-systematic reduc-
tion of library size does not ensure reliable results. They ran-
domly decreased a Spanish national library and the accuracy
of SOC estimates consistently worsened. Wetterlind & Sten-
berg (2010) used PCA to select 50 samples from the Swedish
national library that were spectrally most similar to each target
site (reduced national dataset). In this case, the reduced dataset
usually outperformed the national dataset, but to obtain reliable
results they ‘spiked” both datasets with local samples. Classifi-
cation of large spectral libraries, and thus the use of local mod-
els, has always appeared to improve the accuracy of estimation
compared with global models (e.g Aradjo et al., 2014; Clairotte
etal., 2016).

Although the use of spectral data for classification is attractive and
it has been widely used (e.g. Gogé et al., 2012; Nocita et al., 2014),
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Table 4 The statistics for the PLSR calibration models and their validation for each LUCAS_crop class

Calibration Validation
Number of Number of PLSR
Class samples outliers removed components RMSE /g kg~! RPD RPIQ R? RMSE /g kg~! RPD RPIQ R?
A 554 34 9 7.4 1.7 23 0.6 6.6 2.0 2.6 0.8
B 2475 174 16 5.6 1.8 2.3 0.7 5.7 1.8 22 0.7
C 2805 166 20 5.7 2.0 2.6 0.8 5.3 22 2.9 0.8
D 140 0 4 73.1 1.4 2.0 0.4 62.0 1.6 23 0.6
E 1565 85 16 4.0 1.6 2.0 0.6 3.8 1.7 2.1 0.7
F 2424 157 20 4.0 1.6 2.0 0.6 3.9 1.7 22 0.7
G 2223 161 20 5.0 2.1 2.6 0.8 5.0 2.1 2.7 0.8
All 5.6 6.5 22 0.8

PLSR, partial least squares regression; RMSE, root mean square error; RPD, ratio of performance to prediction; RPIQ, ratio of performance to interquartile

range.

Table 5 The RPD values of validation for each LUCAS class obtained
using the PLSR calibration models of all classes

Class A B C D E F G

A 2.01 0.69 1.87 0.38 0.51 0.45 1.44
B 0.88 1.75 0.97 0.35 0.49 0.84 0.93
C 0.79 1.80 2.16 0.35 0.49 0.81 0.82
D 0.05 0.04 0.04 1.60 0.01 0.02 0.03
E 1.24 0.72 1.28 0.35 1.72 0.86 1.28
F 0.93 1.39 1.09 0.33 0.96 1.71 0.99
G 1.55 0.55 1.49 0.36 0.85 0.61 2.14

RPD, ratio of performance to prediction; PLSR, partial least squares
regression.

Table 6 Descriptive statistics of the three local libraries (Luxembourg,
Loam belt and Wallonia) and the three detected classes (A, B and F)

Minimum  Maximum  Mean SD

Dataset n /g kg™! /g kg™! /gkg™!  /gkg!
Library

Luxembourg 84 6.61 49.85 23.39 11.12

Wallonia 61 7.00 43.10 11.77 4.64

Loam belt 54 7.06 15.49 10.18 1.69
Class

A 86 6.62 49.85 23.55 11.28

B 18 8.00 19.90 11.45 2.89

F 95 7.00 15.49 10.53 1.79

All 199 6.62 49.85 16.24 9.63

the values of soil properties derive from chemical analysis, whereas
spectra provide only indirect information on soil characteristics
and only for those variables that interact with vis—NIR radiation
(chromophores); therefore, prediction could be weak (Shi et al.,
2014). Nocita et al. (2014) used vis—NIR spectra of the LUCAS
soil database to develop local PLSR models and, although the
results for SOC prediction were good, the accuracy improved by
adding sand content as a covariate in the local PLSR models in
croplands, grasslands and woodlands. Sand content, however, has

© 2018 British Society of Soil Science, European Journal of Soil Science

disadvantages as a covariate when, as here, the goal is to predict
SOC content of samples for which there is no a priori knowledge.
We tried another approach to reduce heterogeneity of the LUCAS
dataset by cluster analysis with soil properties and by not using
spectral data at this first step. This approach improved the accuracy
of estimation (Tables 5 and 8).

The discrimination process by ANN

Class A was the only one among the seven classes with a poor
accuracy of classification (Table 3). This was partly because class
A had similar mean values of some soil variables (sand, silt and
CaCO;) to those of other classes, especially classes E and G
(Table 2). Nevertheless, the PLSR model calibrated with samples of
class A could satisfactorily predict the samples of class G (Table 5).
This was not surprising because the main difference between classes
A, E and G was the large values of P and K in the former; these two
macro-elements are known to have little effect on the prediction of
SOC. However, the main cause of the poor accuracy of classification
of Class A was probably the small number of samples within this
class. In other words, this type of soil was under-sampled (only
554 samples) in the LUCAS database compared with many more
in other classes.

Classification and SOC estimation in the three target sites

The LUCAS topsoil database was used mainly to estimate SOC or
other soil properties at the national or continental scale (Panagos
et al., 2013). Nocita et al. (2014), however, implemented a local
PLSR with the LUCAS topsoil database to improve the accuracy
of predicting SOC. Although they obtained good cross-validation
results by including sand as a covariate in the croplands data
(RMSE,39¢g kg‘l ; RPD, 2.5), their models were not used to predict
SOC in other spectral libraries. Gogé et al. (2012) and Clairotte
et al. (2016) used a national spectral library to develop local PLSR
models. The validation datasets, however, were selected from the
same library as the one used for the calibration. Although the
validation dataset in Viscarra Rossel et al. (2016) was derived from
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Table 7 Independent validation statistics of the PLSR models calibrated
with LUCAS_crop and REQUASUD datasets and applied to the three local
libraries. The table gives the results for each library after the removal of
outliers (n GH > 3)

Calibration ~ Validation RMSE

dataset dataset n  nGH>3 /gkg~' RPD RPIQ R?

Lucas_crop Luxembourg 84 18 5.1 224 297 0.8
Wallonia 61 0 32 1.45 093 0.6
Belgian Loam Belt 54 0 1.2 141 1.69 0.6
All 199 0 4.0 247 220 0.8
All (GH<3) 181 18 3.7 254 146 0.8

REQUASUD Luxembourg 84 27 44 2.82 453 09
Wallonia 61 2 34 1.61 0.88 0.6
Belgian Loam Belt 54 8 1.3 1.10 1.37 0.5
All 199 0 4.7 2.10 3.48 0.8
All (GH < 3) 162 37 34 3.13 220 038

GH, modified Mahanalobis distance; PLSR, partial least squares regression;
RMSE, root mean square error; RPD, ratio of performance to prediction;
RPIQ, ratio of performance to interquartile range.

different laboratories across the world, the prediction model was
not applied to a geographically local dataset, but rather to a large
dataset (3585 samples) selected randomly from the global library
with considerable variability in terms of SOC. These characteristics
meant that a comparison between our results and those obtained by
Viscarra Rossel et al. (2016) was not appropriate.

To our knowledge no previous research has satisfactorily used
a continental or national vis—NIR spectral library to predict SOC
by completely independent validation on geographically local
datasets, which involved considerably reduced laboratory effort.
Our independent validation of the PLSR models calibrated with the
LUCAS_crop dataset on the geographically local libraries showed
the best results for the Luxembourg samples (RPD, 2.24; RPIQ,
2.97). Most of the samples collected in Luxembourg, especially
in the Oesling region, have large SOC content and this is mainly
due to the wet and cold conditions of this plateau area. Although

20
SOC Measured/g kgt
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Figure 4 Plots of measured against predicted
soil organic carbon content with (a) REQUASUD

and (b) LUCAS_crop datasets.
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Table 8 The root mean square error (RMSE, g kg™!) of validation of the
PLSR SOC models calibrated with each class of the LUCAS_crop and
applied to samples of three local libraries according to class

Classes of the local samples

Calibration dataset A RMSE/gkg~! B RMSE/gkg~! FRMSE/gkg~!
LUCAS A 5.4 4.8 2.6
LUCAS B 11.6 4.1 9.7
LUCAS C 11.6 8.7 9.7
LUCAS D 153.2 67.2 41.9
LUCASE 9.0 10.3 11.6
LUCASF 10.8 5.1 1.7
LUCAS G 6.4 5.0 4.8
LUCAS_crop 8.7 5.8 4.8

PLSR, partial least squares regression; SOC, soil organic carbon.

most of the outliers detected in the Luxembourg data belonged to
class A, they did not strongly affect the RMSE value (Table 7).
The estimation accuracy within the Loam belt and Walloon library
was sufficient: RPD >1.40 and a small RMSE, especially in the
Loam belt dataset (1.2 g kg™"). The good results obtained for the
Luxembourg samples were probably because of the large variability
in SOC contents of the samples belonging to class A in Luxembourg
(Figure 4; Table 7). The overall RMSE and those obtained for each
spectral library (Luxembourg, Loam belt and Wallonia) were better
than that reported by Guerrero et al. (2016), both with and without
‘spiking’. However, the standard deviation and the range of SOC
values in the three datasets were consistently less than in Guerrero
et al. (2016); therefore, these two sets of results are not strictly
comparable. The classification of both the LUCAS (Nocita et al.,
2014) and French national spectral libraries (Clairotte et al., 2016)
with local PLSR models resulted in an RPD of validation that was
similar to the one we obtained for our three target sites (RPD,
2.54). Moreover, our RPD and RPIQ values were similar to those
obtained in other studies where geographically local libraries were
used to estimate SOC (Nocita et al., 2014), or more frequently

© 2018 British Society of Soil Science, European Journal of Soil Science
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where only cross-validation results were shown (Castaldi et al.,
2016). We always obtained the best estimation accuracy (RMSE)
with the class provided by the ANN trained on the LUCAS_crop
dataset (Table 8). This encourages the use of our approach and, in
particular, it emphasizes the goodness of the classification by ANN.
Moreover, the large RMSE values were obtained when the entire
LUCAS_crop dataset was used, which affirms the advantage of
classification for estimating SOC at the three target sites (Table 8).

The REQUASUD model provided slightly more accurate pre-
dictions than those obtained using our approach based on the
LUCAS_crop data (Figure 4a,b); but the REQUASUD results
required the exclusion of 37 samples (i.e. 19% of the three datasets
and 32% of the samples in Luxembourg) (Table 7). The large vari-
ability in the LUCAS_crop dataset meant that fewer samples had to
be removed than for the prediction models based on the REQUA-
SUD dataset. Both approaches (LUCAS_crop and REQUASUD)
suggest a methodology for the routine application of soil spec-
troscopy to estimate soil properties that avoids chemical or physical
laboratory analyses.

We used the same instrument for the spectral acquisitions in both
the geographically local and LUCAS spectral libraries (XDS Rapid
Content Analyzer, FOSS NIR Systems Inc., Laurel, MD, USA).
Other instruments (e.g. field spectroradiometers) are widely used to
record spectra for spectral libraries across the world; therefore, there
is aneed to develop a spectral transfer method. Recently, Kopackova
& Ben-Dor (2016) showed the importance of soil samples with
stable spectral performances (internal soil standard samples) in
soil spectroscopy to normalize and align all other soil spectral
measurements.

Conclusions

We investigated the capacity of the European LUCAS topsoil
database to predict SOC in three spectral libraries. A cluster
analysis subdivided the LUCAS dataset into seven classes based
on selected principal components from 12 soil properties. The
spectral data were linked with SOC values of the LUCAS dataset
to calibrate PLSR models for each class to predict SOC content
with good accuracy both within each geographically local library
(RMSE, 1.2-5.1g kg™!; RPD, 1.41-2.24) and for samples of the
three libraries together (RMSE, 3.7 ¢ kg™'; RPD, 2.54). The large
variability of the data in the LUCAS_crop library enabled SOC
content to be predicted by a routine chemometrics approach. Our
approach represents a reproducible tool to estimate SOC in arable
soils with a satisfactory level of accuracy with only the spectra of
soil samples and without the need for further laboratory analyses.
To generalize the previous statement, however, other tests need
to be carried out in different regions across Europe. The LUCAS
soil database was resampled in 2015 and this will be repeated in
2018, adding new soil samples and properties. This should make
the proposed methodology even more suitable for the quantitative
estimation of SOC or other soil properties in different pedological
regions across Europe.

© 2018 British Society of Soil Science, European Journal of Soil Science
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