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Abstract

Digital Soil Mapping (DSM) is fundamental for soil monitoring, as it is limited and strategic for human activities. The avail-
ability of high temporal and spatial resolution data and robust algorithms is essential to map and predict soil properties and
characteristics with adequate accuracy, especially at a time when the scientific community, legislators and land managers
are increasingly interested in the protection and rational management of soil.

Proximity and remote sensing, efficient data sampling and open public environmental data allow the use of innovative tools
to create spatial databases and digital soil maps with high spatial and temporal accuracy. Applying machine learning (ML)
to soil data prediction can improve the accuracy of maps, especially at scales where geostatistics may be inefficient. The aim
of this research was to map the nitrogen (N) levels in the soils of the Nurra sub-region (north-western Sardinia, Italy), testing
the performance of the Ranger, Random Forest Regression (RFR) and Support Vector Regression (SVR) models, using only
open source and open access data. According to the literature, the models include soil chemical-physical characteristics, envi-
ronmental and topographic parameters as independent variables. Our results showed that predictive models are reliable tools
for mapping N in soils, with an accuracy in line with the literature. The average accuracy of the models is high (R*=0.76)
and the highest accuracy in predicting N content in surface horizons was obtained with RFR (R*=0.79; RMSE =0.32;
MAE=0.18). Among the predictors, SOM has the highest importance. Our results show that predictive models are reliable
tools in mapping N in soils, with an accuracy in line with the literature. The results obtained could encourage the integra-
tion of this type of approach in the policy and decision-making process carried out at regional scale for land management.
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Introduction

Digital Soil Mapping (DSM) has been the main spatial infor-
mation practice in soil science for many years. This sub-
discipline of soil science received international recognition
in 2005 with the establishment of a dedicated working group
led by IUSS (Arrouays et al. 2017). Today, the main pro-
cesses of DSM are based on geostatistical methods, machine
learning (ML) models, and algorithms (Heung et al. 2016;
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Khaledian and Miller 2020; Padarian et al. 2019; Wadoux
et al. 2020). Geostatistics refers to methods of studying
environmental phenomena based on their spatial variabil-
ity, starting from real data collected in the field (Hoffimann
et al. 2021). These tools are widely used for drafting predic-
tion maps, especially through different Kriging algorithms
(Keskin and Grunwald 2018; Santra et al. 2017; Zhang et al.
2020). Alongside them, however, ML (i.e., tools obtaining
comparable results), is increasingly being used (Taghizadeh-
Mehrjardi et al. 2021; Wadoux et al. 2020).

Indeed, ML is applied in several fields, such as monitor-
ing of hydrogeological risk (Jain et al. 2020; Ma et al. 2021),
wildfire prevention (Elia et al. 2020), the prediction of soil
physical-chemical parameters (Li et al. 2023a, b; Li et al.
2022; Wang et al. 2021, 2022; Xu et al. 2021), and human
health (Aghazadeh et al. 2019; Piunti 2019). Consequently,
the number of algorithms to reference is as numerous as the
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fields of application. Depending on the objective, the sam-
pling characteristics and the dataset, it is necessary to choose
one algorithm over another (Li et al. 2023a, b; Wadoux
et al. 2020). A relevant aspect in the application of ML is
the abundance and quality of databases (Chen et al. 2022).
In environmental science, the application of ML requires
extensive and costly surveying campaigns, which can be
supported by existing databases, often shared by institu-
tions and governmental bodies according to the logic of
open data (Hengl et al. 2017). It is precisely in the environ-
mental field that we are witnessing in recent years the pro-
liferation of open databases, especially by public institutions
(Worthy 2015), and in the field of soil science (Orgiazzi
et al. 2018). Furthermore, the increased use of open data in
digital soil mapping is recent and strictly related to the use
of new spatial analysis tools, such as Google Earth Engine
(GEE), and the availability of large datasets of remote sens-
ing data acquired by satellite missions (Copernicus, Landsat)
(Poppiel et al. 2021). National and international agencies
are developing policies and tools to share soil data, also
for scientific purposes, such as the LUCAS soil project
implemented by the EU Environment Agency (Orgiazzi
et al. 2018). Indeed, today almost all medium/large scale
studies focused on digital soil mapping integrate field data
with updated, publicly managed, high-resolution open data
(Radocaj et al. 2024; Searle et al. 2021). This type of data,
coupled by a ML algorithm, appears to be more efficient,
also in terms of cost—benefit, than the traditional approach
using a geostatistical algorithm (Radocaj et al. 2022a).

Soil mapping can have two main purposes: i) assignment
of a class associated with observed soil, or ii) identification
of one or more soil features (Zhang et al. 2017). Among
these, physical-chemical parameters were extensively inves-
tigated to create regional (Brungard et al. 2021; Maleki et al.
2023), local and field scale distribution maps (Chlingaryan
et al. 2018; Soderstrom et al. 2016; Zhou et al. 2023).
Among the chemical parameters, the map elaboration for
soil macronutrients (N, P, and K) represents a pivotal step,
for environmental and agricultural development agencies,
farmers, etc., to understand their spatial distribution and con-
sequently improve nutrient input management while avoid-
ing soil water pollution. Nitrogen is a fundamental macro-
nutrient for the development of plant species, not the least
because of the quantities that plants require for sustenance
(Hogberg et al. 2017). In fact, plant species accumulate N in
different forms and through different modalities, throughout
their life cycle and predominantly during the growth phases
(Das et al. 2022). The continuous input of N needed by crops
has a significant impact on production cycles and markets
(Dimkpa et al. 2020). Use of N fertilizers has a significant
economic weight; this entails careful and constant monitor-
ing over time, to highlight the spatial distribution dynamics
of N deficits and surpluses (Singh 2018; Wang et al. 2019).
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The Nurra subregion (northwestern Sardinia) provides an
excellent paradigmatic case to explore previously reported
questions. Indeed, it encompasses several environmental
conditions, passing from natural areas (Parks protected
and ruled by laws) to highly productive enterprises, mainly
located in plains, and represented by: the production of
famous, high-quality wines that are exported around the
world; from intensive to semi-intensive agricultural activi-
ties; cattle and sheep farming for meat and milk-derived
products. Additionally, the area has undergone extensive
urbanization due to the presence of extended urban areas
(Sassari and Alghero) and famous tourist locations (Arru
et al. 2019).

However, the objectives of this research were to: i) assess
the effectiveness and performance of some ML models
using only open access environmental databases; ii) predict
N values in soil surface horizons of the Nurra sub-region
(Sardinia, Italy) and iii) based on the predicted values, draw
up a sub-regional scale map. Only open-access data were
used, provided, and implemented by different bodies and
organizations at different hierarchical levels. Variables under
investigation have been selected through data exploration,
i.e., an in-depth analysis of the dataset to study its distribu-
tion and main characteristics from a statistical point of view.
Random tree models were used since they are in common
use and integrated, as algorithms, in several statistical soft-
ware packages, such as “CART”, “RF” and “Ranger,” of
Rstudio (RStudio Team 2011). Furthermore, this approach
has three important characteristics. It is: 1) easy to reproduce
with open-source software; ii) powered by public open data;
iii) oriented to produce outputs that can be easily integrated
into decision-making processes (Fig. 1).

Materials and methods
Study area

The study area, which covers 1,330 km?, is located in
NW Sardinia (Italy, Fig. 2), in the Nurra sub-region
(40°48'28.8"N 8°15'14.4"E). Different geological sub-
strates are featured in the area. The most extensive is the
limestone formation, followed by pyroclastic flow deposits
(south), aeolian sandstones, and gravel (Carmignani et al.
2015). The study area is characterized by high pedodiver-
sity, (Aru e Baldaccini 1983) with Alfisols (Rhodoxeralfs,
Palexeralfs, Haploxeralf), Inceptisols (Xerochrepts) and
Entisols (Fluvents—Xerofluvents, Aquents—Fluvaquents,
Psamments—Xeropsamments, (Keys fo Soil Taxonomy,
13th Edition 2022)) dominating. The main land uses are:
agriculture (65%), urban settlements (5%), and natural areas
(30%, CORINE Land Cover Copernicus Land Monitoring
Service). The vegetative cover is mainly divided into forest
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Fig.1 Workflow Diagram

vegetation (30%), such as hardwood and coniferous trees,
and arable crops (40%), as described by Corine Land Cover
(CLC). A part of the forest is located on the coastline of
Asinara’s Bay. These are relatively recent conifer plantations
placed behind the dunes. Approximately 10% of the surface
is occupied by olive trees. The central part of the study area
is characterized by irrigated, arable lands.

Data collection

The construction, implementation, and validation of the
dataset is a pivotal part of the mapping process; the predic-
tive results of the model depend on its characteristics and
composition. The availability of quality data determines the
accuracy of the model; therefore, it is necessary to build a
general dataset that includes a carefully selected range of
variables that, as a whole, influence the values of the vari-
able we want to predict (Wadoux et al. 2020). Only open
sources have been used in this work. The use of open sources
increases the level of replicability of this research, thus pro-
viding the possibility to compare results. Furthermore, as

APPLICATION OF
ALGORITHMS

OVERLAY MAPPING

1

shown by several authors (Ferreira et al. 2022; Nussbaum
et al. 2018; Wadoux et al. 2020), the availability of data,
especially those related to soil characteristics, stimulates
research regarding the conditions of this resource. At the
same time, the existence and availability of freely accessible
data increases society’s awareness of soil resource issues
(Gorelick et al. 2017; Orgiazzi et al. 2018). In this work,
chemical, physical, topographical, and land-use-related pre-
dictors are used. In Table 1, the main characteristics of the
predictors are reported (type, source and resolution).

Soil chemical-physical features
Soil data used in the study are available on the official web-
site of the Sardinian Soil Survey.! These data are provided in

ESRI shapefile format with a geometric punctual structure.
Each one of these points represents a sample collected by

! Available on: http://www.sardegnaportalesuolo.it/opendata,
redacted by Agris Sardegna.
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Fig.2 Study area framework
Table 1 Predictors source and classification table
Predictors Source Theme Resolution
Slope (%) Sardegna Geoportale (https://www.sardegnageoportale.it/ Topography 10x10 m
Altitude (m a.l.s.) index.html) 10x10 m
Topographic Position Index (TPI) 10x10 m
Aspect 10x 10 m
pH Portale dei Suoli (Regional Soil Survey, http://www.sarde Chemical\characteristics 100x 100 m
SOM (Soil Organic Matter) gnaportalesuolo.it/) 100% 100 m
Ca (Calcium) 100x 100 m
Mg (Magnesium) 100x 100 m
Na (Sodium) 100x 100 m
K (Potassium) 100x 100 m
Ece (ps/cm) 100x 100 m
P (Phosphorus) 100x 100 m
Soil loss rate (RUSLE) (T« ha™! « Y~!) European Soil Data Centre (ESDAC) (https://esdac.jrc.ec. Idrography 100x 100 m

europa.eu/)
Waterbody Distance (m) Sardegna Geoportale (https://www.sardegnageoportale.it/ 10x10 m

index.html)
CLAY (%) SOILGRIDS PROJECT (https://soilgrids.org/) Soil Texture 195%299 m
SAND (%)
SILT (%)
NDVI United States Geological Survey (https://earthexplorer.usgs. Cover land/Vegetation ~ 30x30 m

gov/)
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different institutions involved in several projects: Regional
Agency (AGRIS, LAORE), University of Sassari and Cagli-
ari. There are 1511 samplings in the study area, each point
is associated with the prosaic card’s code and the relative
link that contains the profile description and chemical and
physical parameters. Unfortunately, 981 of the 1511 maps
contained only physical property data, reducing the number
of observations available to apply the models. Further data
will be added by LUCAS.?

Topography

Topography a directly and indirectly affects the dynamics
of soil N concentrations (Weintraub et al. 2017). In this
research, we studied the spatial variation of the Topographic
Position Index (TPI), which expresses the shape of the space
making up the landscape. We demonstrated the relationship
between topographic index and N concentration in soil,
especially in forest watersheds (Dai et al. 2022; Li et al.
2020). The data relating to the topography were explored
using the Digital Terrain Model (DTM), developed by the
cartographic office of the Sardinian Region, available on
the Regional Geoportal (Regione Autonoma della Sarde-
gna 2023) at the resolution 10X 10 m. The TPI values were
calculated through the SAGAGIS tool (Conrad et al. 2015).

Erosion by water and distance to waterbody

Nitrogen is one of the essential macronutrients in vegeta-
tion. The color and vigour of the plant depend on the soil N
concentration. Soil N is susceptible to runoff due to water-
induced soil erosion (Sequi et al. 2017). A covariate related
to the hydrography of the study area consisted of an estima-
tion of soil water erosion. This estimate was made avail-
able by the European Soil Data Centre (ESDAC) and was
achieved using the Revised Universal Soil Loss Equation
(RUSLE) model. This empirical model is defined by the
following equation:

A=K*«RxCx*l*xsx%xP €Y
where,

— K=>Soil Erodibility, (Panagos et al. 2014);

— R=Erosivity, (Panagos et al. 2015a, b, c, d);

— C=Vegetation Cover, (Panagos et al. 2015a, b, c, d);

— 1=Slope length, s=Steepness (Panagos et al. 2015b);
— P=Support Practices, (Panagos et al. 2015c).

This model estimates soil loss per year (t/ha™!). Another
important dataset, related to hydrography, is the Euclidean

2 Available on: https://esdac.jrc.ec.europa.eu/projects/lucas

distance between the cell and the waterbodies. The presence
of water affects N concentration in the surface horizons of
soil (Amicabile 2016) and is, therefore, included in the data
set. Our aim was to assess the influence of these and other
predictors to improve the accuracy of the predictions.

NDVI

Soil N concentrations in the surface horizons are intrinsi-
cally linked to vegetation cover conditions (Chen et al.
2014), so vegetation data contribute to assessing land degra-
dation processes (Ridwan et al. 2024). Therefore, the vegeta-
tion index could help to detect and describe soil conditions.
The vegetation spectral indices were obtained by combining
several satellite images (Chlingaryan et al. 2018). One of the
covariates selected to represent the vegetation cover was the
Normalized Difference Vegetations Index (NDVI), which
represents the vigour of the vegetation with a range of values
from [—1; +1], interpreted by the color of the leaves (Antog-
nelli 2018). This index estimates the vigour of the vegetation
by photosynthesis and is found by the satellite image com-
bination, product by Landsat 8, through the elaborations of
the following band:

— 1n°4 Red (0.64-0.67 um).
— n° 5 Near-Infrared (0.85-0.88 um).

the band is elaborated through the following equation:

(NIR — VIS)

NDVI = —— 2
(NIR + VIS) @

where,

NIR corresponds to the band 5;
VIS corresponds to band 4.

The final NDVI reading is the average of the values and
the image detected in the summer and winter seasons in the
years from 2016 to 2020. Data of the images are as follows
(Table 2):

Exploratory data and spatial analysis

The Exploratory Data and Spatial Analysis (EDA) was
implemented using R software. In this study, EDA consisted
of analysing the distribution and composition of any pre-

dictors, through use of descriptive statistics. It was articu-
lated in five parts: i) data collection, ii) data cleaning, iii)

3 Available on: https://earthexplorer.usgs.gov/
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Table 2 Satellite images data

Dates Image Name

08/18/2016 LCO08_L1TP_193032_20160818_20200906_02_T1
12/08/2016 LCO08_L1TP_193032_20161208_20200905_02_T1
08/21/2017 LCO08_L1TP_193032_20170821_20200903_02_T1
10/24/2017 LCO08_L1TP_193032_20171024_20200902_02_T1
07/07/2018 LCO08_L1TP_193032_20180707_20200831_02_T1
12/11/2018 LCO08_L1TP_193032_20181112_20200830_02_T1
08/11/2019 LCO08_L1TP_193032_20190811_20200827_02_T1
10/14/2019 LCO08_L1TP_193032_20191014_20200825_02_T1
08/29/2020 LCO08_L1TP_193032_20200829_20200906_02_T1
11/01/2020 LCO08_L1TP_193032_20201101_20210317_02_T1

univariate statistics, iv) multivariate statistics, and v) spatial
distribution analysis.

1) Once collected, all data selected in a vectorial dataset in
the QGIS workspace (QGIS Development Team 2023)
covered a wide study area with 100X 100-m cell grids.
The matrix associated with the vectorial grid showed the
cell as the row and the variable as the column. The raster
dataset was appropriately re-scaled and transformed into
a vector dataset using the QGIS raster statistics proce-
dure. The Raster dataset was re-scaled and incorporated
into a vectorial dataset using the QGIS raster statistics
procedure (QGIS Development Team 2023).

ii) In the final dataset, a general check was carried out to
identify and remove the null values (NA) and outliers.

iii) Univariate statistics were used to describe the distribu-
tion of the values of the predictor and dependent vari-
able.

iv) To detect multicollinearity, we created a correlation
matrix. Multicollinearity is a phenomenon that arises
during regression analysis when multiple variables
exhibit significant correlations not only with the depend-
ent variable but also with each other (Shrestha 2020). If
two covariates are correlated, it increases the absolute
error of the predictions (Daoud 2017). Therefore, this
analysis helped identify variables that had no impact
on prediction quality or, worse, adversely affected it.
According to the literature (Chan et al. 2022; Lindner
et al. 2022), we removed the covariates with a correla-
tion coefficient >0.80, because if the value of Pearson
correlation coefficient is close to 0.8, collinearity is
probable (Shrestha 2020).

v) Another analysis that we conducted on the N value point
dataset was the study of spatial autocorrelations, which
is the phenomenon associated with the presence of a sys-
tematic spatial variation in a variable. A positive spatial
autocorrelation is the trend of a site or nearby space to
have similar values (Chlingaryan et al. 2018; Li et al.
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2016; Nguyen and Vu 2019). The Moran index (Moran
1948) enables an estimation of the grade of global spa-
tial autocorrelation. The index is given by:

__N 2.2Wix = %) (% - )
ZiZjVVij >i(x - )_6)2

3

where,

N is the number of the events;

X, and X; are the values taken from the intensity at the
points i and j withi # j;

X is the average of the covariate considered;

w;; is an element of the matrix containing arbitrary
event weights.

The weights are determined according to the con-
tiguity of the events. The range values of the index /
are [—1;+1] (Tybl 2016). The values closest to 1 and
—1 indicate the presence of clustering. While values
close to zero indicate a random spatial distribution.
This approach could be useful for strengthening model
selection. In the absence of high spatial correlation, it is
preferable to use multivariate statistical methods rather
than geostatistical methods.

Machine learning algorithms

This type of model has been used widely in both classifica-
tion and regression problems. (Wadoux et al. 2020) analysed
a large amount of peer-reviewed literature and found that,
in the case of classification, 80% of the articles contained
the application of at least one random tree model. More
than one model was chosen in this research, as it is common
to use several models of different types to compare results
(Wadoux et al. 2020; Zhou et al. 2023).

The selection of algorithms was based on the results of
previous applications in this field. As described by several
authors (Wadoux et al. 2020), ML tools have not previously
considered soil mechanics, phenomena, and properties, but
rather learn from the data on which they are trained. For this
reason, it can be useful to understand the results of the model
applications in similar situations. In this case, to select the
models, we search for a similar case study, where the goal is
to predict the values of chemical components in the soil (Dai
et al. 2022; Flynn et al. 2023; Forkuor et al. 2017; Hengl
et al. 2017; Li et al. 2023a, b; Li et al. 2022; Prado Osco
et al. 2019; van der Westhuizen et al. 2023; Wadoux et al.
2020; Wang et al. 2022; Xiaorui et al. 2023; Xu et al. 2021;
Zhou et al. 2023). Following the bibliography analysis, the
algorithms selected were Random Forest Regression (RFR),
Ranger, and Support Vector Machine Regression (SVR).
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Random forest regression and ranger

While the RF and model is often used in fields, such as medi-
cine (Sarica et al. 2017), it is also widely used in soil mapping
(Wadoux et al. 2020).

This method is based on the creation of forests of decision
trees to improve the accuracy of predictions, and is, therefore,
classified as an ensemble algorithm, i.e. one that includes a
number of other models (Zhou et al. 2023). Unlike other ML
models, RF randomly selects the subset of independent vari-
ables to subdivide the nodes (leaves), making it more accurate
and further minimising the instability of the trees (Forkuor
et al. 2017; van der Westhuizen et al. 2023). It is possible
to choose the number of trees that make up the forest (Tree
Number=500), each of which is created independently using
a single sample of the training data.

Ranger is a fast implementation of RF mostly used for large
datasets (Wright and Ziegler 2017). Both belong to the class
of tree models. The Ranger package, implemented in the R
workspace, enables managing some other aspects in the model
realisation phase.

Specifically, the parameters to be handled in the function
are different from those of RF and allow the implementation

Algorithm 1 RFR Program Code

of model management and refinement. The main ones used in
the model training phase are:

— Quantreg, if enabled it performs a quantile prediction
through a regression forest;

— Num.trees, which adjusts the quantity of trees in the forest;

—  Write.forest, to store the results of the model;

— Min.node.size, which is the minimum size of the leaves, the
value 5 is recommended for this parameter if a regression
is performed.

— Importance, which makes a ranking of the importance of
the independent variables in the prediction, for regression
the importance is based on the value of the variance of the
results and is coded with the terminology “impurity” (Xu
et al. 2016).

This makes this phase more refined compared to other
models. We demonstrated the computational and memory effi-
ciency of a ranger in the implementation done in R software,
the algorithm manages many more values and variables in less
time than RF, making it very effective and fast compared to
other models (Wright and Ziegler 2017).

train(x= traindata_noout[3:19],

1

2 y= traindata_noout$N,
3: method = "rf",

4: ntree = 500,

5 trControl = ctrl,

6 importance = TRUE)

Algorithm 2 Ranger Program Code

1 ranger(x= traindata_noout[3:19],
2 y= traindata_noout$N,
3: quantreg=TRUE,

4: num.trees=200,

5 importance ="impurity",
6 write.forest = TRUE,

Support vector regression

SVR, an extension of Support Vector Machine for Regres-
sion issues (Lee et al. 2020; Ramedani et al. 2014) is not a
widely used model in this field, but there are some examples
of its application in regression issues to predict the values of
different soil properties (Li et al. 2023a, b; Wang et al. 2021;
Xu et al. 2021; Zhou et al. 2023). This algorithm imple-
ments a function whose purpose is to predict the dependent

variable. One of the reasons we chose this algorithm is the
difference in the inner workings of the tree models. SVR
formulations are analogous to common linear regression,
but there are some differences concerning it (Ramedani et al.
2014). This algorithm projects the data into a high-dimen-
sion space, through the Kernel function (the choice of kernel
depends on the characteristics of the data and can have a
significant impact on the performance of the model (Forkuor
et al. 2017)), to identify a separation hyperplane due to the

@ Springer
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Table3 Descriptive statistics Covariates Min Max Average Stand. Dev Var Outlier* NA
Slope 0 62.61 8.50 9.44 89.14 62 0
Altitude 0.75  420.03 85.23 69.53 4834.76 33 0
Aspect 520 940 7.57 0.70 049 0 1
pH 0.00 67.00 1.68 1.35 1.82 35 1
SOM 78.0  7707.0 2654 1360.15 1,849,996.48 2 125
Ca 140 29682 273 179.44 32,197.98 28 125
Mg 230  2905.0 1485 278.14 77,361.81 23 125
Na 11.7 1595.3 2439 148.33 22,001.13 26 125
K 0.00 111.00 1.07 6.89 4746 23 172
EC 0.00  270.00 18.82 14.35 206.03 40 145
P -6.96 5.66 -0.11 0.91 0.83 117 0
TPI 0 359.90 194.10 94.71 8970.38 0 20
Waterbody Distance 112 6127  3.77 5.30 28.07 40 16
Soil loss rate (RUSLE method) 0 2000  387.09 417.20 174,053.20 36 0
Sand 0 532 372.2 67.85 4604.17 65 0
Silt 0 435 354.8 61.70 3807.09 34 0
Clay 0 338 239 47.20 3807.09 65 0
NDVI 0.15 0.74 0.47 0.08 0.01 7 0

support vector. Into the limit of the vector, managed by the
cost parameter (C), the prediction occurs, i.e., the value pre-
dicted is located in this range (Adwad and Khanna 2015).

Algorithm 3 Ranger Program Code

1: svm(N ~ Slope + Altitude + Ph_H2o0 + So + Ca + Mg + Na + K + Ece + P + Tpi + Aspect + Rusle + Clay +

Sand + Silt,
data = traindata_noout,
kernel = "radial",
cost=1,
epsilon = 0.001)

SANIE VSR )

Validation and assessment models

Two different techniques were used to validate the mod-
els. The first divided the model into two parts, in random
mode. The larger part of the dataset was used to train the
models (training dataset). The second part was used to test
the performance of the model on unknown data (test data-
set). The split of the dataset was 75% for the training data-
set and the rest for the test dataset. The cross-validation, or
k-fold cross-validation (CV), is a statistical technique that
consists of dividing the training dataset into k parts to limit
the overfitting phenomenon. The overfitting problems are
essential when one wants to use ML tools, both in the case
of classification and regression issues (Berrar 2019; Wang
et al. 2021). According to the bibliography (Aghazadeh
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et al. 2019; Berrar 2019; Dharumarajan 2019; Hounkpatin
et al. 2022; Khaledian and Miller 2020; Li et al. 2023a,
b; Liu et al. 2022; Maleki et al. 2023; Mashaba-Mung-
hemezulu et al. 2021; Nolan et al. 2018; Radocaj et al.
2022b; Rahman et al. 2020; Uddameri et al. 2020; Van
Der Westhuizen et al. 2022, 2023; Wadoux et al. 2020;
Wang et al. 2021; Xu et al. 2021; Zhang et al. 2021; Zhou
et al. 2023), the most widely used and efficient CVs are
those with K=35 and K=10. In this paper, we have chosen
aCV of K=10.

The metrics used to assess the accuracy of the perfor-
mance can be different according to the issue at hand. In
this paper, we use the metrics that assess the residual of
the prediction, i.e., the difference between actual and pre-
dicted values. The most common are the coefficient of
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determination (R?), the root-mean-square error (RMSE), - (RMSE)

and the mean absolute error (MAE). These metrics are

used in several soil mapping cases to compare the perfor- 1< :

mance of the different models chosen (Chlingaryan et al. ;Z ;=0 ®)
2018; Dai et al. 2022; Lee et al. 2020; Liang et al. 2018; =l

Prado Osco et al. 2019; Wadoux et al. 2020; Zhang etal. ~ _ (MAE)

2019). The formulas are as follows:

1 n
- (RY» ;;(loi_PiD (0)

1/2

Z?:l (Pi - Oi)2 where,

2 ) O is the real value of N;
27:1 <01 - 01) P is the prediction.
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Fig.4 Moran I scatterplot

Results and discussion
EDA

The following table shows the results of the descriptive sta-
tistical analysis (Table 3):

The final dataset consisted of 300 observations and 18
predictors.

The correlation matrix (Fig. 3) did not indicate a high
association between the predictors, so we excluded the
potential presence of the phenomenon of multicollinearity.

Fig.5 Plot of covariates
importance in RFR model
(RFR2 =RFR standard run;
RFR*2=RFR with tenfold CV)
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SILT

SAND

WATERBODY DISTANCE
RUSLE

Ece

ALTITUDE
SLOPE

mRFR*2 mRFR2
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Results from the spatial autocorrelations (Fig. 4) indicated
a value of 0.108. These relationships were, therefore, like
random spatial phenomena; in these cases, it might be more
appropriate to apply a multivariate statistical algorithm to
study the distribution of variables, rather than using a ‘tra-
ditional’ geostatistical approach.

Covariates importance

In the tree models, it is possible to verify the importance of
the variables in the predictions (Figs. 5 and 6). The impor-
tance of the variables is defined in models such as RFR and
Ranger; that is why the evaluation of the importance is based
on the deep mechanics of the model when it creates the tree
that will compose the random forest in the regression pro-
cess. The statistics analysed by the function are InNodePurity
(Increase in Node Purity), which assesses how the purity of
the node (detected by a metric such as the Gini index or the
entropy) increases when a node is split based on a specific
variable. High values in this case indicate a greater influence
of the variable in the node splitting, in this case, process.

The SOM represents the principal source of organic N in
the soil, which amounts to approximately 97-98%. Vegeta-
tion accumulated N in the ammoniacal and nitrate forms
and returned it to the soil as organic N after death (Sequi
et al. 2017).

For this reason, we justified the high relevance of SOM.
It is important to verify, in a subsequent phase, if there is a
spatial relationship between the distribution of the predic-
tion and the values of SO. The class of variables that had
the most influence in the prediction of N values were the
same in both models (Table 4). It was possible to say that
the predictors with more influence belonged to the class of
chemical characteristics of the soil. The topography, espe-
cially altitude, also is important.

RFR

20 40 60 80 100 120
InNodePurity
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Fig.6 Plot of covariates
importance in Ranger model
(Ranger2 =RFR standard run;
Ranger*2=RFR with tenfold
cv)

NDVI
CLAY &k

SAND

SILT e

RANGER

WATERBODY DISTANCE
RUSLE

P

Ece

K -

N2 fr——

Mg §

Ca
SOM t

PH —

ASPECT s
TPI e
ALTITUDE
SLOPE &

0

RANGER* m RANGER

20 40 60 80
InNodePurity

100 120

Table 4 Variable importance Variable

Ranger (%) RFR (%) Ranger (%) RFR (%) Classes

Slope

Altitude

Aspect

pH

SOM (Soil Organic Matter)

Ca (Calcium) 2
Mg (Magnesium)

Na (Sodium)

K (Potassium)

EC

P (Phosphorus)

TPI 1
Waterbody Distance

Soil loss rate (RUSLE method)
Sand

Silt

Clay

NDVI

4.39 3.64 15 13 Topography

6.28 6.96

2.93 1.82

1.26 0.13

1.58 4.62 62 68 Chemical Characteristics
2.54 20.62

9.54 11.52

1.86 3.84

5.55 3.45

2.38 3.90

8.34 5.86

0.63 13.92

2.46 3.19 7 5 Hydrography

4.41 1.89

6.32 2.99 14 11 Soil Texture

5.51 5.34

1.91 3.12

2.12 3.19 2 3 Cover land/Vegetation

Residual analysis

Residual analysis was performed on the predictions made
in the test phase to assess the performance of the models
and their accuracy when working with unknown data. SOM
contributes approximately 98% of organic nitrogen in the
soil. Most plant accumulate N directly from the soil as
ammonium and nitrate. After death, plant N is returned to
the soil in organic form (Sequi et al. 2017). For this reason
and because of the importance of the variable in the predic-
tion, we chose to relate the residuals of the results and the
value of the SOM.

The greater density of values in the Ranger prediction
corresponded to fewer residual values (Fig. 7). This shows

that the model generated relatively accurate results, with less
deviation from the real value. Most of the results are located
in the negative component of the plots, i.e., the model tends
to underestimate the prediction relative to the real value. The
values that were aligned in the first row of the graph were
instead overlapped in the second row, corresponding to the
zero value of the y-axis. The model was, therefore, able to
predict these specific values without error.

In the model without CV validation, there is an inher-
ent tendency to overestimate values in the range from 0 to
0.5. As can be seen in Fig. 7, this tendency is eliminated in
the model to which tenfold CV validation has been applied.
The values that are aligned in the first line in the graph are
superimposed at the zero value of the y-axis in the second.
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Fig.7 Plot of residual in Ranger model (first row: application without CV fenfold; second row: application with CV tenfold)

Table 5 Residual statistics in Ranger

The model was therefore able to predict these certain val-

ues without committing any errors. The statistics on the

Models Min Max Mean Variance ) T
residuals of the two applications of the model are shown
RANGER -131 0.97 -0.02 0.11 in Table 5.
RANGER CV —-1.31 1.02 —0.05 0.11 The residual from the RFR model was very similar to
the Ranger result. Again, the model showed the previously
PREDICTION RESIDUAL PREDICTION RESIDUAL (SOM) PREDICTION RESIDUAL DENSITY
s R ~
< < 3 >
E o » E of i E’f
7] 2]
2 s 23 ch
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PREDICTION SOM 2 : '° SRESIDDUAL 92 :
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Fig. 8 Plot of residual in RFR model (first row: application without CV tenfold; second row: application with CV fenfold)
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Table 6 Residual statistics in RFR Table 7 Residual Statistics SVR
Models Min Max Mean Variance Models Min Max Mean Variance
RFR —-1.27 0.92 -0.02 0.11 SVR —1.40 1.44 —0.05 0.14
RFR CV -1.25 1.07 —-0.03 0.10 SVR CV —1.48 1.5 —0.04 0.14
observed trend, but with greater moderation compared to the .
. Table 8 Accuracy value by training stage
Ranger results. Contrary to Ranger, the application of the
model with CV did not eliminate all the trends, resulting in ~ Training models R? RMSE MAE
an overestm'lated predlctlgn corresponding to a real value of  p A\NGER CV 0.85 029 016
0. The density qf the predicted Val'ues’was C(?ncentratefi near  per Cv 0.86 027 017
the zero value in both RFR applications .Wlth and w1thoyt SVR CV 091 022 011
CV (Fig. 8). The model with CV had a higher accuracy in
the density curve, indicating a lower residual between the
prediction and the real values.
The statistics in Tables 5 and 6 show the affinity between  Table9 Accuracy value by test stage

the .tree models .1n .thls appl¥c.at10n. Bgth the mean and the Test models R? RMSE MAE
variance were similar. Additionally, in the complex, RFR
performance was aligned with the width of the residual dis- ~ RANGER* CV 0.77 0.34 0.19
tribution. We can say that, even if it is short, RFR residuals =~ RFR*CV 0.79 0.32 0.18

SVR*CV 0.72 0.38 0.23

assumed a high precision compared to Ranger residuals.

The SVR was influenced by the tendency to overestimate
the lowest N, both with and without CV. While in the pre-
vious models, the CV limited this type of problem, in this
case, the opposite was true. From the plots (Fig. 9) we can
see an increase in the overestimated values, although the
trend observed in the plot showing the relationships with
SOM concentration was decreasing.

The residual statistics in Table 7 indicated that the model
had a wider bound than the other models. This suggests that
the predictions had a higher error. The density, although

PREDICTION RESIDUAL

RESIDUAL
05
RESIDUAL

-0.5

PREDICTION RESIDUAL (SOM)

more balanced, was less concentrated near the value of 0
on the x-axis, indicating an increase in the dispersion of
the residuals and, therefore, a general increase in the error.
This analysis shows that CV has a positive significant
influence on the model performance, regarding the tree algo-
rithms, reducing some negative systematic trends. This does
not happen in the case of the SVR algorithm and there have
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Fig.9 Plot of residual in SVR model (first row: application without CV tenfold; second row: application with CV tenfold)
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Fig. 11 Graphs of the distance between the prediction values and the actual values

been some difficulties related to the overestimations of the
lowest N values.

Accuracy assessment
This analysis demonstrated the reliability of the models in a

regression prediction. The results near the real values pro-
duced a more solid DSM that was typical of the landscape

@ Springer

characteristics. Part of the potential of these tools lies in
providing a measure of the error that underlies the process
of producing spatial information.

Table 8 shows the metrics related to the quality of the
predictions in the training phase. These metrics are used
to assess the quality of the model in predicting the training
values.
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Fig. 12 Predictions Maps

From the values in Table 8, it is possible to state that
the better model performance, in the training phase was
obtained by SVR since the algorithm had higher R? values
and the lowest error metrics. RFR had better quality com-
pared to Ranger. RFR had an R? of 0.86 while Ranger has
0.85. Additionally, the RMSE value was lower than Ranger
which had a 0.29 for the RMSE, while RFR had 0.27. For
the MAE, the opposite occurred as RFR and Ranger had
0.17 and 0.16, respectively.

Table 9 shows the metric values that represent the perfor-
mance quality of the prediction in the test phase.

In the test phase, the situation was reversed as SVR had
the lowest performance quality in terms of the selected met-
rics. RFR had the highest performance quality, with a pre-
diction that approximated the real value. The values were
slightly lower than in the training phase, in fact, the highest
R? value was obtained by RFR at 0.79. Our results align
with findings in other similar works. The R? of the RFR
model predictions was higher than that obtained by Maleki
et al. (2023), even if the metric error values were worse
in this case. The R? of RFR and SVR were comparable to
those obtained by other researchers (Lee et al. 2020; Liang
et al. 2018), while the RMSE values showed higher preci-
sion in respect to those obtained by (Liu et al. 2023; Prado
Osco et al. 2019). SVR resulted in RMSE and R? values
better than those found by (Xiaorui et al. 2023) for the same
model application. The MAE values were more moderate
than those obtained by Prado Osco et al. (2019).

The graphs in Fig. 10 show the quality of the predictions
for each model. In an optimal state, the predictions (red)
should agree with the real values (black dots). In this case,

RFR PREDICTION MAP

SVR PREDICTION MAP

125 1,25-1,50 @ 1,50-1,75 1,75 - 2,00 >2,00

all models had difficulty in predicting the highest values
of N. RFR can accurately predict the value of N close to O.
Ranger and SVR cannot accurately predict the value around
0 g Kg~! of N in the soil, in particular SVR which predicts
a negative value.

Figure 11 shows the graphs comparing the real N val-
ues and the predictions. In an optimal state, the predictions
would appear as a perfect diagonal, indicating that the pre-
diction matches the real values. We have used a color scale
for the prediction point to show the error: red indicates a
high error, orange and yellow indicate a medium error, while
the green point indicates a prediction close to the real values.
The points in the RFR graph are more aligned along the
diagonal, which, when compared to the other graphs, shows
the higher quality of its prediction.

As the previous graphs show, SVR and Ranger tended
to overestimate N values close to or equal to 0, which did
not happen in the case of RFR applications. Finally, it
is possible to observe how SVR, in some states, obtains
negative values in its prediction, in correspondence with
a real value equal to 0.

Prediction maps
The models were used to produce prediction maps
(Fig. 12). They showed the distribution of N concentra-

tion over the study area and the influence of some critical
patterns:
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1. In the western part, where there was a wooded vegeta-
tion cover (with a predominance of deciduous trees), the
N concentration was higher than in the area occupied by
agricultural activity, due to the absence of vegetation
with a long-life cycle. Even if there was a contribution
of N synthesis in the fertilization phase, the N was sub-
ject to different types of losses (e.g., denitrification and
leaching).

2. The same scenario characterized the arable crops and
pastures that occupy the central part, while the opposite
was true for the area occupied by shrub and tree vegeta-
tion.

3. The hinterland of the city of Sassari (east-central sector)
was one of the areas with the higher predicted N values,
which was why the area was mostly occupied by olive
groves along the city limits.

The presence of a large area cultivated almost exclusively
with olive trees ensures, in this condition, an adequate soil
N concentration, partly due to the fertilizer applied. The low
level was concentrated along the coast, where the highest
level of urbanization was found. According to Amicabile
(2016), all models showed an increased concentration of N,
corresponding to the high levels of SOM. The predictions
showed an accumulation of N along the course of the riv-
ers, due to leaching, which manifested itself with a storage
towards the lowest part. In the map product of the SVR pre-
dictions, this phenomenon was more evident. It was possible
to observe high values close to the hydrographic network of
the main river (Riu Mannu), localized in the eastern part.

The relationship between N concentrations in the surface
horizons clearly shows that in soils of the investigated areas,
the N concentrations increased as the ecosystem’s conser-
vation status increased. It clearly shows how in areas with
a forest cover (with a prevalence of broad-leaved trees), N
concentration is higher than in the same areas occupied by
agricultural activities, due to the lack of long-cycle, high-
coverage vegetation in the latter. Even if there is an input of
synthetic N, due to fertilisation actions in the field, it should
be remembered that N in soils is subject to various types of
loss (mainly through leaching and denitrification (Amica-
bile 2016)). This is true for agricultural areas affected by
arable crops or pastures for sheep breeding, while on soils
with tree-type vegetation the opposite phenomenon occurs.
Evidence of this can be seen in the fact that the models have,
in all three cases, identified the maximum content in the
areas bordering the city of Sassari, attributable to the mas-
sive presence of olive groves.

Concerning the difference between the model predic-
tions, the main difference between the maps predicted by
the tree models and the SVR was the localization of the
higher values. In the tree models, the higher values of N
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were localized in the boundaries of the city of Sassari, while
the SVR predicted higher values along the western coast of
the municipality of Sassari. The RFR and Ranger map prod-
ucts showed a high N value on the surface of the municipal-
ity of Sorso (northeast of Sassari) compared to the SVR
map. This behaviour could be explained by the difference in
performance in the presence of low-density sampling points.

Conclusions

This research was conducted to evaluate the effectiveness
and performance of some ML models using only open envi-
ronmental databases. The use of open-source data will be
pivotal in the future, especially due to the large datasets
acquired by remote sensing or proximity sensors. However,
great importance assumes the possibilities of the use of
most effective algorithm. The results showed that the RFR
performed strongly. The main outcomes also revealed that
by using ML algorithms, it was possible to predict N val-
ues at a medium scale coupling large open environmental
databases to obtain a reliable performance. More specifi-
cally, the applied models showed approximately the same
performance, with the RFR showing the highest R? while
the RSME showed the lowest. The spatial visualization of
the results demonstrated the distribution of the N value in
a middle-scale map, where it was possible to detect poten-
tial critical areas that could require specific actions in the
environmental policy framework. Our next steps with this
research are to improve the models by incorporating addi-
tional data sources to improve the spatio-temporal scale,
taking into account the quality of the data, assessed on the
basis of a deep exploratory data analysis. Indeed, the high
spatio-temporal resolution is crucial for the implementation
of effective soil management policies in areas of high human
activity density.
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