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ABSTRACT 

Understanding soil properties is an essential pre-
requisite for sustainable land management. Assessment of 
these properties has long been gained through conventional 
laboratory analysis, which is considered costly and time 
consuming. Therefore, there is a need to develop alterna-
tive cheaper and faster techniques for soil analysis. In re-
cent years, special attention has been given to vis–NIR 
reflectance spectroscopy and chemometrics. In this study 
we evaluated the potential of vis–NIR spectroscopy and 
Back Propagation Neural Networks (BPNN) for prediction 
of organic carbon (OC) of soils representative of three 
Mediterranean agro-ecosystems from the Campania region, 
southern Italy. An Artificial Neural Network (ANN) model 
was developed based on Multi-Layer Perceptron (MLP) 
network and trained by a Back-Propagation algorithm on 
reflectance data. The training and validation phases, con-
firmed by a ten fold cross validation methodology, led to 
a very satisfactory calibration of the BPNN model. 
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1 INTRODUCTION 

Soil is one of our most important natural resources, 
having properties derived from the combined effect of 
climate and biotic activities, as modified by topography, 
acting on a parent material over a period of time [1]. It varies 
greatly over both space and time. The chemical and physical 
properties of soils determine their potential and limitations 
for agricultural and non-agricultural uses. Therefore, our 
understanding of their properties, functions and of their 
variability in space and time is essential for sustainable 
land management [2, 3]. 

 
* Corresponding author 

Historically our understanding of the soil system and 
assessment of their properties has been gained through 
conventional laboratory analysis [4]. The latter, although 
usefully and practically irreplaceable for detailed investi-
gations are costly and time consuming, thus not very suita-
ble when large numbers of soil samples need to be ana-
lysed, as for example in large soil surveys, or for high re-
solution soil mapping and precision agriculture. Therefore, 
there is a need to develop alternative techniques for soil 
analyses. 

In recent years, vis-NIR reflectance spectroscopy has 
been shown to be a useful technique for the measurement 
of various soil properties. Compared to conventional ana-
lytical methods, vis–NIR spectroscopy is faster, cheaper, 
and non-destructive; it requires less sample preparation, 
with less or no chemical reagents, is highly adaptable to 
automated and in situ measurements, and has the potential 
to analyse various soil properties simultaneously [4-6]. 

Reflectance spectroscopy refers to the measure of spec-
tral reflectance [7] i.e., the ratio of the electromagnetic 
radiation reflected by a soil surface to that which impinges 
on it [8]. Since the characteristics of the radiation reflected 
from a material are a function of the material’s properties, 
observations of soil reflectance can provide information 
on the properties and state of the soil [9]. The reflectance 
spectra of soil in the vis–NIR are largely non-specific due 
to the overlapping absorption of soil constituents. This 
characteristic lack of specificity is compounded by scatter 
effects, caused by soil structure or specific constituents, 
such as quartz [10]. All of these factors result in complex 
absorption patterns that need to be mathematically extracted 
from the spectra and correlated with soil properties. Hence, 
the analysis of soil reflectance spectra requires the use of 
chemometrics and pedometrics [11].  
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The most common calibration methods for soil appli-
cations are based on linear regressions, namely stepwise 
multiple linear regression (SMLR), principal component re-
gression (PCR), and partial least squares regression (PLSR) 
[12, 13]. PCR and PLSR are related techniques and in 
most situations their prediction errors are similar [10]. 
Actually there is a growing interest in processing vis-NIR 
spectral characteristics by using Artificial Neural Networks 
(ANNs) [14-16]. In particular, ANNs are powerful tools for 
dealing with function approximation and it has been shown 
that they are universal function approximators [17, 18]. 
They are particularly useful in situations where the physical 
processes governing input–output responses are not entirely 
understood [19, 20]. A recent paper [21] compared the per-
formance of three calibration methods on soil samples col-
lected from Belgium and Northern France, namely, PCR, 
PLSR and Back Propagation Neural Network (BPNN) [22-
24] for the accuracy of measurement of selected soil prop-
erties. Both the leave-one-out cross validation and predic-
tion for the three replicates showed that all BPNN models 
outperformed PCR and PLSR models.  

A lot of research has successfully demonstrated the use 
of vis–NIR reflectance spectroscopy to characterise soils 
from different pedo-climatic environments of the world. 
However, few studies have been carried out with soils 
from the Mediterranean regions [25-27]. Many of these 
studies have looked at iron oxy-hydroxides, due to their 
strong absorptions in the vis–NIR [28-31]. In this paper, 
we aimed to evaluate the performance of vis–NIR reflec-
tance spectroscopy and BPNN for predicting an important 
soil property, the Organic Carbon (OC) content from three 
agricultural areas of the Campania region in southern Italy. 

 
 
2 MATERIALS AND METHODS 

2.1 Study areas 

Soil samples used in this paper come from the Tusci-
ano-Asa-Picentini district (Tusciano), the province of 
Benevento (Fortore beneventano (Fortore)), and the 
coastal area of the low Volturno river basin (Volturno) 
(Fig. 1). The climate, in all the three areas, shows charac-
teristics typical of the Mediterranean region, with the wet-
test period between late autumn (October–November) 
and early spring (March–April). Temperature and poten-
tial evapotranspiration are inversely related to rainfall, 
with the highest values during summer (June–August).  

The Tusciano district is located south of the town of Sa-
lerno. Its landscape is varied and includes coastal systems 
dominated by depressed retrodunal areas, alluvial terraces 
near the Sele river, conglomeratic and clayey coastal hills, 
near Eboli and Cilento, and internal calcareous relieves with 
falls of volcanic ash [32]. The dominant soil types are Cal-
caric Gleysols, Calcari-Gleyic Cambisols, Gleyic Luvisols, 
Ferri-Profondic, Vertic and Calcic Luvisols, Calcaric and 
Calcari-Mollic Cambisols, Molli-Eutrisilic and Molli-Vitric 

Andosols [33]. The dominant land use is broad leaved-
forest, fruit trees, olive groves, and vegetable crops [34].  

The Fortore is primarily an agricultural land located 
in the northern-east part of Campania. The landscape is 
dominated by clayey hills [32], covered by soils with 
strong “vertic” properties, mainly Eutric, Pellic, and Calcic 
Vertisols and Calcari-Vertic Cambisols [33]. The dominant 
land use is crop, mainly wheat [34]. Telesina Valley is a 
typical vineyard and olive growing area. 

 

 
FIGURE 1 - Location of the study areas within the regional (Cam-
pania), national (Italy) and Mediterranean context.  

 
The coastal belt of the low Volturno river basin is a 

rich irrigated agricultural land, mainly devoted to vegetal 
crops and fruit trees [34], located north and west of the 
city of Naples and the town of Caserta, respectively. The 
landscape is mainly characterised by areas with relatively 
low depressions from alluvial and land reclamation depos-
its, with intercalation of volcanic deposits, alluvial terraces 
composed by alluvial deposits mixed with volcanic tuff and 
ignimbrite and retrodunal lagoons composed by reclama-
tion deposits, intercalated with peat layers [32]. The domi-
nant soil types are Gleyic, Gleyi-Vertic, Calcari-Gleyic and 
Calcari-Fluvic Cambisols, and Calcaric Gleysols [33]. 

 
2.2 Soil sampling and laboratory analysis 

Surface and sub-surface soil samples (0–30 cm, 30-
60 cm) were collected from the three study areas [28]; we 
used 290 samples. Most of the sampling sites fall within 
agricultural fields, only few samples belong to forest areas. 
The samples were air-dried and ground to a size fraction of 
2 mm. Each sample was divided into two sub-samples; one 
was used for conventional chemical and physical laboratory 
analysis, the other for the spectroscopic measurements. 

The OC content was determined according to the Ital-
ian Official Methods for Soil Analysis [35]. Namely, OC 
is determined using Walkey-Black method. 

 
2.3 Statistical analysis of soil properties 

The measured soil property was statistically described 
in terms of minimum, maximum, mean and coefficient 
of variation (CV). According to Ameyan [36], a variable 
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shows small, moderate, or large variability when CV is be-
low 20%, between 20 and 50%, or above 50%, respectively. 

 
2.4 Spectroscopic measurements 

The diffuse vis–NIR reflectance of soil samples was 
measured in the laboratory, under artificial light, using a 
FieldSpec Pro spectroradiometer [37]. This instrument com-
bines three spectrometers to cover the portion of the spec-
trum between 350 and 2500 nm. The instrument has a spec-
tral sampling distance of ≤ 1.5 nm for the 350–1000 nm 
region and 2 nm for the 1000–2500 nm region. 

 
2.5 Spectroscopic data pre-processing 

In order to enhance the predictive power of multivari-
ate calibration models, spectroscopic data are pre-processed 
prior to data analysis. This is because variation in the X 
(predictor variables) data that is unrelated to y (response 
variable) may degrade the predictive ability of the models. 
The aim of pre-processing is to remove undesired variation 
in the data [38].  

Common methods used to pre-process spectroscopic 
data include multiplicative signal correction (MSC) [39] 
and standard normal variance (SNV) correction [40, 41]. 
The MSC can be used to correct for light scattering varia-
tions while the SNV may be used to remove interferences 
due to light scattering and path length variations. Barnes 
et al. [40] also described the use of detrending using a 
quadratic polynomial together with the SNV transform to 
correct for any curvilinear trends and linear baseline shifts 
in the spectra. An alternative technique for the correction 
of these sources of error is based on the use of wavelet 
detrending and SNV with wavelet detrending [42]. 

A rapid and often utilised method for reducing scatter 
effects for continuous spectra consists of using derivatives 
[43]. The first derivative spectrum is the slope at each 
point of the original (or transformed) spectrum. It peaks 
where the spectrum has maximum slope and it crosses 
zero where spectrum has peaks. The second derivative is a 
measure of the curvature at each point in the original (or 
transformed) spectrum. The effect of the first derivative is 
usually to remove additive baseline (“offset”), whereas the 
effect of the second derivative also involves the removal 
of a linear baseline. 

The problem with the use of derivatives is that they 
may reduce the signal and increase the noise of the spec-
tra. To reduce the effects of random noise and improve 
signal-to-noise ratio, different filtering procedures can be 
used, prior to derivative transformation. The most com-
monly used filter in spectral reflectance analysis are median 
and Savitzky-Golay filters. The median filter can be im-
plemented using: 

)( i
med
i SMedianx =   for i=0,1,…,n-1 

where med
ix  represents the filtered sequence, n the 

number of elements in the input sequence x, and Si is a 

subset of x centered about its ith element. Si may be de-
scribed by: 

( )rrirriiiirlirlii xxxxxxxS +−++−+−−= ,,...,,,,...,, 1111where rl is the filter left rank, and rr the filter right rank.  
The Savitzky-Golay algorithm [44] uses a moving 

polynomial fit of any order and the size of the filter con-
sists of (2n + 1) points, where n is the half-width of the 
smoothing window. The points between the 2n's are inter-
polated by the polynomial fit. 

Before multivariate modeling, spectra can be also pre-
treated by mean centring and/or variance scaling the data.  

For the purpose of the present paper, all the pre-
processing procedures were assessed, either alone or in 
combination. 

 
2.6 Principal Component Analysis 

Principal component analysis [45] of the whole data set 
is needed in order to reduce the (highly redundant) dimen-
sion of the spectroscopic data. Principal Component Analy-
sis (PCA) is a common data analysis technique used to 
reduce the dimensionality of large data sets displaying a 
high degree of covariance. The original data set undergoes 
a linear transformation whereby the axes of the new co-
ordinate system are aligned such that the maximum vari-
ance is parallel to the first axis (principal component), the 
second highest variance lies along the second principal 
axis, etc. This is achieved by finding the principal eigen-
values of the covariance matrix, X, and then applying 
criteria to the eigenvalues to optimise the dimensionali-
ty of the data space. 

 
2.7 Neural Network 

An Artificial Neural Network, also simply called neu-
ral network, is a computational model which originally 
was intended for use in the simulation of the structure 
and/or functional aspects of biological neural networks 
[45]. It consists of an interconnected group of processing 
elements (neurons).  

Neural networks are usually used to model complex 
relationships between inputs and outputs or to find pat-
terns in data. Here we aim to express the relationship 
between the feature vectors of spectroscopic data and the 
corresponding OC values. 

Three fundamental elements characterize any neural 
network: 
– The network structure or topology, i.e. the way the 

neurons are linked; 
– The activation function, which represents the answer of 

a neuron to the input stimuli; 
– The learning algorithm. 

The neural network structure we adopt is a feedfor-
ward one, the well known “Multilayer Perceptron” [23]. 
Here the neurons are organized into clusters or layers, 
called “input”, “output” and “hidden” (i.e. those units 
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which are neither input nor output) layers. Each neuron of 
a given layer is connected to all the neurons of the next 
one, as depicted in Figure 2. 

Our model is synchronous: at each time, each neuron 
receives as an input the weighted sum of the input values 
and/or of the other neuron outputs, as shown in the fol-
lowing equation: 

Ok = f(Σn WknOn) (1) 
where Wkn is the weight associated to the link from 

neuron n to neuron k, On is the output of neuron n or of 
the n-th input. The neuron output is a continuous and 
derivable function of its input. For our experiment we 
chose the sigmoid function, 

f(x) = 1/(1 + e-x)  (2) 
 

 
FIGURE 2 - Example of topological structure (architecture) of the 
Multilayer Perceptron used in our experiments. 

 
The training procedure is the so called “back propa-

gation”. It makes use of a data set of feature vectors, each 
one labelled with the correct output, as examples of the 
correct input/output relationship. First a vector is presented 
to the input neurons and then the network gives its output. 
If it is not equal to the desired one, the difference (error) 
between these two values is computed and the weights 
Wkn are changed in order to minimize it. We repeat these 
operations for each input vector. Given the p-th vector in 
input, the error Ep is: 

E = 1/2 Σj (tj − Oj )2 (3) 
where tj is the p−th desired output value and Oj is the 

output of the corresponding neuron.  
After an entire cycle of input vector presentations 

(epoch), we calculate the Mean Square Error (MSE) 
[45] for all the input patterns p. Then the epoch is re-
peated again until we reach an acceptable error. Then 
the network behaviour is validated by means of an inde-
pendent set of data (validation set). In the end the Coeffi-
cient of Determination is measured [46].  

The weight updating phase in the above algorithm, 
which is widely known in literature as the “generalized 
delta rule”, aims at minimizing the error function E. This 

is done by a method known as Gradient Descent, where 
weight changes are made in the steepest downward direc-
tion of the error function [45].  

The error back propagation algorithm has several pa-
rameters, and the most important ones are called, respec-
tively, learning rate and momentum term. The first term is 
a measure of the influence degree, in the formula for updat-
ing weights, of the error term, whereas the latter one de-
termines the influence of the past history of weight changes 
in the same formula. Moreover the weights Wkn are initially 
randomly chosen in a fixed range. The range choice can 
substantially improve or degrade the learning results. Per-
forming optimal choices for all these parameters is a quite 
dark side of the procedure and must be achieved on the 
basis of personal experience and a trial and error approach. 

 
2.8 Application environment 

For our experiments we adopt an Excel-based system 
which simulates a neural network developed by Angshu-
man Saha and which is freely available all over the web1. 
By using this tool we can define feed-forward, back-
propagation networks with 1 or 2 hidden layers, enter train-
ing data, set various learning parameters, start a learning 
phase and see the results (error rate, etc.) presented in vari-
ous ways, including graphically. Categorical values are 
automatically converted into numerical ones. 

As previously described, the data set is composed of 
labelled feature vectors called examples. Each example 
has the following structure 

Op, tp = (x1,x2,...,xn), y 
where the xi’s are the chosen features and y is the ex-

pected output.  
The whole data set is partitioned into 10 non-over-

lapping subsets. From these 10 subsets, one can be chosen 
to evaluate the neural network performance (validation set), 
and the remaining 9 can be used to instruct it (training 
sets), i.e., setting the weights. This procedure is repeated 
10 times, corresponding to all the possible choices of the 
validation set (ten-fold cross validation) [47], and the cor-
responding average performance was gauged in terms of an 
average error. It is worth underlining that in each trial the 
validation data is not used for training.  

 
 
3 RESULTS AND DISCUSSION 

3.1 Soils properties 
Table 1 shows the descriptive statistics of the organic 

carbon content.  
 

TABLE 1 - Descriptive statistics of the organic carbon content. 
 

 Min Max Mean CV (%) 
OC (g kg-1) 0.4 215.6 17.9 114.9 

 

                                                             
1	  http://xoomer.virgilio.it/srampone/NNpred01.zip	  
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Organic carbon content across the three study areas 
taken together is on average moderate (17.9 g kg-1). How-
ever, it increases in the soils from Tusciano and Volturno 
(on average 19.5 and 20.0 g kg-1, respectively) and de-
creases significantly in soils from Fortore (10.2 g. kg-1). 

 

3.2 Soil reflectance 
Figure 3 shows the mean reflectance spectra and mean 

second-derivative of absorbance spectra of soils from the 
three study areas.  
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FIGURE 3 - Mean reflectance spectra and mean second-derivative of absorbance spectra of soils from the three study areas (Tusciano, 
Fortore and Volturno). Derivative spectra have been plotted in the 400 to 800 and 1700 to 2500 regions, where the main absorption bands 
occur, avoiding the region between 800 and 1700 nm. 

 
 
 

The shape and overall reflectance of spectra are quite 
similar for all three areas. The only differences are the 
smaller reflectance of Tusciano soils in the visible, the 
larger reflectance of Volturno soils in the NIR and the 
lower reflectance of Fortore soils in this spectral range. 

Derivative spectra of soils from all three areas show 
two evident adsorption bands in the visible range, near 
422 and 486 nm. Both these bands, but particularly the 
one near 486 nm can be attributed to the presence of goe-

thite iron-hydroxide [29]. The band at 486 nm is evidently 
deeper for soils from Tusciano and Fortore, than for soils 
from Volturno. Soil derivative spectra also show several 
important absorptions in the NIR, beyond 1700 nm. Spe-
cifically a strong water and hydroxyl band is present at 
1903 nm. This band indicates vibrational stretching of H-
O-H and OH– ions in secondary clay minerals [48]. It is 
specifically diagnostic of the presence of montmorillonite 
[49]. The 1903 nm band is deeper in soils from Fortore and 



© by PSP Volume 22 – No 4b. 2013   Fresenius Environmental Bulletin    

1239 

 

Tusciano, than in those from Volturno, indicating a larger 
content of secondary clay minerals, particularly montmoril-
lonite, in the soils from the first two areas, i.e. a more ad-
vanced stage of weathering in these areas. Several bands 
are present in the NIR beyond 2000 nm, due to the com-
bination of vibrational processes in the silicate clay and 
carbonate minerals. A strong band apperas at 2202 nm, 
associated with a smaller band (doublet) at around 2164 
nm, due to the combination of the OH-bond fundamental 
stretch with the Al-OH fundamental bending mode [50]. 
It must be observed that also montmorillonite has a band 
at 2200 nm, due to the OH-bond stretching. The 2200 nm 
band, resulting from the combined effect of kaolinite and 
montmorillonite (but also other clay minerals, such as 
vermiculite and illite), is deeper in the Fortore derivative 
spectrum, thus confirming the higher content of secondary 
clay minerals in soils from this area. Other “minor” bands 
associated to the presence of silicate clays [49, 51] are found 
beyond 2200 nm. A well-defined band apperas in all the 
three spectra at around 2342 nm, due to C-O stretching mode 
in CaCO3 molecules. According to the results of chemical 
analysis (Table 1) this band is deeper in the average spec-
trum of Fortore. 

Fig. 4 shows the values of correlation coefficients be-
tween OC contents and spectral reflectance. 
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FIGURE 4 - Correlations between OC and spectral reflectance at 
each wavelength for soils from all the three study areas taken to-
gether and from the individual study areas. 

 
Organic carbon is, in general, negatively correlated 

with reflectance throughout vis–NIR. However, the best 
correlations occur in the visible, with the largest one near 
600 nm. The correlations are larger for soils from Volturno 
and Tusciano, which have larger OC contents (Table 1) 
compared to soils from Fortore. 

 
3.3 PCA application 

It was found that 30 principal components accounted 
for almost 100% of the variance for the whole data set. We 
accordingly encoded all data samples using 30-dimensional 
vectors of principal components. 
3.4 Data Set 

Finally we collected a data set of  290 examples, each 
one of 30 characteristics. The whole data set is partitioned 
into 10 non-overlapping subsets. From these 10 subsets, 
one can be chosen to evaluate the neural network perfor-
mance (validation set), and the remaining 9 can be used to 
instruct it (training sets), i.e., setting the synaptic weights. 
This procedure is repeated 10 times, corresponding to all 
the possible choices of the validation set (Ten Fold Cross 
Validation) [45]. 

 
3.5 BPNN application 

Several experiments were conducted over the data, 
varying the network structure and parameters. With refer-
ence to the network structure described in a previous Sec-
tion, the number of hidden layers and the number of neu-
rons in each hidden layer is arbitrary and should be neither 
too small nor too high. Too few neurons may deteriorate 
the network performance, whereas too many neurons may 
lead to over-fitting the network on the training data with-
out actually improving its performance on the validation 
ones. Here, starting from a greater-than-needed BPNN, we 
apply a “pruning” technique to trim network size [52]. In 
this way the BPNN is defined as a single hidden layer of  
13 neurons, while maintaining 30 input and one output 
(30-13-1 schema).  

By a trial and error approach, the learning rate has been 
fixed to 0,8, and the momentum term is 0,27. The initial 
weights range in ±0,2. The best performance was achieved 
by iterating the learning for 500 cycles. (Table 2) 

Results of BPNN applied to soil OC are provided in 
Table 3. These results were achieved by pre-processing 
the spectra prior to data analysis as follow: transfor-
mation of reflectance (R) to optical density (or absorb-
ance, A = log 1/R), application of a median filter to 
absorbance, prior to computing their first derivative, 
and mean centring.  

 
TABLE 3 - Results of BPNN applied to soil OC. 

  Training Set Validation Set 
Epoch MSE  % MSE % 

200 0,008 6,34% 0,006 4,83% 
 
Table 4 reports the R2 behaviour on the ten trials of 

the Ten Fold Cross Validation methodology we adopt. 
Overall, the selected architecture shows a R2 value of 0,89 
on the validation set. 
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TABLE 2 - Neural Network Architecture and parameters. 

Neural Network Architecture and parameters 
Number of Inputs  30  Hidden Layer size  13 
Number of Hidden Layers  1    
Learning parameter  0,8  Initial Wkn Range ( 0 +/- w):  0,2 
Momentum  0,27    
Total #rows in data  290  No. of  Training cycles  200 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE 5 - Behaviour of training (7 a) and validation (7 b) MSE 
growing the number of epochs. 

 
 

TABLE 4 - R2 behaviour on the ten trials of the Ten Fold Cross 
Validation methodology we adopt. 

Experiment R2 
I 0.91 
II 0.906 
III 0.891 
IV 0.908 
V 0.866 
VI 0.862 
VII 0.866 
VIII 0.904 
IX 0.894 
X 0.865 

 
Figure 6 shows the relationships between observed 

and predicted soils data, using the whole data set. 

The very good to excellent BPNN predictions of OC 
are, in general, in good agreement with the moderate to 
relatively large correlations of OC with visible reflec-
tance. 

BPNN appears to provide a method that can be used 
to accurately predict soil OC contents. It does so because 
the BPNN algorithm considers the multidimensionality of 
the spectra and takes into account the interrelations among 
the spectral reflectance values of individual properties 
across the vis-NIR spectral domain. 

 
FIGURE 6 - Observed vs predicted soil OC, for soils from all the 
three investigated areas. 

 
 
4 CONCLUSIONS 

The present work demonstrated the potential of soil 
vis–NIR spectroscopy and BPNN for the analysis and 
prediction of soil OC contents in three different agricultural 
systems of Campania region, southern Italy. The investi-
gated soil property correlates with spectral reflectance. 
Namely, organic carbon correlates negatively with reflec-
tance, particularly in the visible range. Preliminary results, 
confirmed by a ten fold cross validation methodology, sug-
gest that the approach is effective and robust. 

The investigated soils from the Tusciano are charac-
terised by moderate amounts of organic matter. Soils from 
Fortore have a small to moderate amounts of organic mat-
ter. Soils from Volturno have a large amount of organic 
matter2. By using vis-NIR spectroscopy and BPNN, Organ-
ic carbon is well predicted, using just few samples, in each 
of the three investigated areas. In this sense the perfor-
mance of the prediction model should be then considered 
quite independent from the geographical origin of the 
investigated area (then from the soil units that characterise 
each of these areas).  

More extensive work is obviously needed in order to 
validate/sharpen these results; however it is reasonable to 
assume that, through the use of a larger data set, the pre-

                                                             
2	  Organic matter (= OC x 1.274).	  
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diction model can be advantageously used in support to 
soil survey in other areas of the Campania region [53]. 
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