Journal of Hydrology 603 (2021) 127092

FI. SEVIER

journal homepage: www.elsevier.com/locate/jhydrol

Contents lists available at ScienceDirect

Journal of Hydrology

Predictive modelling benchmark of nitrate Vulnerable Zones at a regional

Check for
updates

scale based on Machine learning and remote sensing

Aaron Cardenas-Martinez , Victor Rodriguez-Galiano “, Juan Antonio Luque-Espinar b, Maria

Paula Mendes ©

& Departamento de Geografia Fisica y Andlisis Geogrdfico Regional, Universidad de Sevilla, 41004 Seville, Spain
b Geological Survey of Spain (IGME), Urb. Alcazar del Genil, 4, 18006 Granada, Spain
¢ Civil Engineering Research and Innovation for Sustainability (CERIS), Instituto Superior Técnico, Universidade de Lisboa, Av. Rovisco Pais, 1049-001 Lisbon, Portugal

ARTICLE INFO

Keywords:

Nitrates

Machine learning
Feature selection
Groundwater

Nitrate Vulnerable Zones

ABSTRACT

Nitrate leaching losses from arable lands into groundwater were a main driver in designating Nitrate Vulnerable
Zones (NVZs) according to the Nitrates Directive, with a view to enhancing their water quality. Despite this,
developing common strategies for effective water quality control in these areas remains a challenge in the Eu-
ropean Union. This paper evaluates the performance of the Random Forest (RF) machine learning algorithm
combined with Feature Selection (FS) techniques in predicting nitrate pollution in NVZs groundwater bodies in
different periods and using updated environmental features in Andalusia, Spain. A set of forty-four features
extrinsic to groundwater bodies were used as environmental predictors, with an aim to make this methodology
exportable to other regions. Phenological features obtained through remote-sensing techniques were included to
measure the dynamics of agricultural activity. In addition, other dynamic features derived from weather and
livestock effluents were included to analyse seasonal and interannual changes in nitrate pollution. Three feature
stacks and two nitrate databases were used in the predictive modelling: Period 1 (2009), with 321 nitrate samples
for training; Period 2 (2010), with 282 nitrate samples for validation and initial spatial prediction; and Period 3
(2017), to assess the changes in the probability of groundwater nitrate content exceeding 50 mg/L. Random
Forest as a wrapper with four sequential search methods was considered: sequential backward selection (SBS),
sequential forward selection (SFS), sequential forward floating selection (SFFS) and sequential backward floating
selection (SBFS). From among all the Feature Selection methods applied, Random Forest with SFS had the best
performance (overall accuracy = 0.891 and six predictor features) and linked the highest probability of nitrate
pollution with three dynamic features: the Normalized Difference Vegetation Index (NDVI) base level, NDVI
value for the end of the growing season and accumulated manure production of livestock farms; and three static
features: slope, sediment depositional areas and valley depth.

1. Introduction

surplus of chemical and organic nitrogen fertilisers from agricultural
activity can leach to groundwater as nitrate (Babiker et al., 2004; Jun-

Protecting strategic resources such as water is currently a major
challenge, not only in the field of environmental research, but also at all
levels of government. Changes in water resource quality significantly
affect society and the economy, especially in the production of basic
resources such as food (WHO, 2017). The application of nitrogen fer-
tilisers and pesticides to crops in recent decades, coupled with the
diffuse pollution that these generate, is one of the main causes behind
the failure to achieve a good chemical status for groundwater in the
European Union (EU) (European Environmental Agency, 2018). The
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takut et al., 2019) and from the action of other sources, such as livestock
farming (Cho et al., 2000; Tullo et al., 2019). High concentrations of
nitrate in drinking water can be a serious threat to human health and can
cause illnesses with long-term exposure, including methemoglobinemia
and thyroid cancer (Fewtrell, 2004; Ward et al., 2010). Groundwater is a
major source of drinking water in the EU, where 24.5% of freshwater
extracted for drinking purposes was groundwater in 2017 (European
Environmental Agency, 2020). To address the problem of water pollu-
tion, the Water Framework Directive (WFD) (2000/60/EC) aimed to
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protect and improve water quality in the EU, establishing monitoring
controls to evaluate impacts and control long-term trends. Together with
the WFD, the Nitrates Directive (ND) (91/676/EEC) had a huge impact
on controlling pollution caused by agricultural nitrates in ground and
surface waters (Oenema et al., 2011). This Directive required that all
Member States designate areas within their territories that drain into
waters which could be affected by nitrate pollution or that could be
affected if action is not taken to decrease nitrate leaching as Nitrate
Vulnerable Zones (NVZs) (Goodchild, 1998; Velthof et al., 2014). The
report on the implementation of the Nitrates Directive between 2012
and 2015 revealed that 13.2% of the groundwater stations in the EU
recorded nitrate concentrations exceeding the legal limit of 50 mg/L
(European Commission, 2018). Approximately 21.5% of measuring
stations in Spain registered averages higher than 50 mg/L in the same
period (European Commission, 2018). The same situation occurred in
Andalusia (the most highly populated NUTS2 region in Spain), where 51
of the 176 groundwater bodies had a “poor chemical status” due to high
nitrate concentrations in 2015 according to the Hydrological plans
(Confederacion Hidrografica del Guadalquivir, 2015).

Determining nitrate concentration in groundwater enables the
identification and delimitation of areas at spatial risk of pollution, a
narrowed focus in terms of resource management and compliance with
the WFD and ND. Usual methods based on time series forecasting for the
evaluation of nitrate concentrations consist of trend analysis (Ducci
et al., 2019; Hansen et al., 2012), theoretical gross nitrogen balance
(Wick et al., 2012) and numerical modelling of fate and transport of
contaminants (Akbariyeh et al., 2018; Esmaeili et al., 2014). These
methods are applied at various scales (principally at the farm, regional
and national agency levels) and possess inherent uncertainties due to
weather variability, soil conditions, manure management, crop culti-
vation practices and socio-economic circumstances (Kawagoshi et al.,
2019; Mendes et al., 2012; Mendes & Ribeiro, 2010; Wick et al., 2012).
The selection of these methods is also based on the availability of data (i.
e. input parameters), the spatial and temporal representativity of
monitoring networks and underlying assumptions.

Recently, hydrology studies on nitrate pollution have benefited from
the development of machine-learning algorithms (MLA) that learn from
examples and thus do not require pre-established rules based on expert
criteria (Buduma & Locascio, 2017). MLAs have been used both alone
(Dixon, 2005; Knoll et al., 2020; Nolan et al., 2014; Rodriguez-Galiano
et al., 2014; Tesoriero et al., 2017; Wagh et al., 2018) and as part of
ensembles (Barzegar et al., 2018; Khosravi et al., 2018; Knoll et al.,
2019; Motevalli et al., 2019; Rodriguez-Galiano et al., 2018; Sajedi-
Hosseini et al., 2018; Singh et al., 2014; Wheeler et al., 2015) to pre-
dict the spatial distribution of nitrate concentrations in groundwater.
Generally, these studies have been applied primarily at local and
regional scales, although others have been applied at a national scale,
such as Knoll et al. (2020) in Germany; and at a continental scale, such as
Ouedraogo et al. (2019) in Africa. One of the most widely used MLAs for
predicting nitrate concentrations in groundwater is Random Forest (RF),
with examples such as Knoll et al. (2020); Nolan et al. (2014); Oue-
draogo et al. (2019); Rodriguez-Galiano et al. (2014); and Wheeler et al.
(2015). Random Forest has multiple advantages as a non-parametric
method that allows different data sets to be handled, and is very effec-
tive for non-linear relationships between features and for outlier values
(Breiman, 2001a; Biau and Scornet, 2016). In addition, Random Forest
allows assessment of the relative importance of predictive features
within the prediction, thus providing an understanding of how each
predictive feature influences the model in order to select the best fea-
tures for modelling (Ghimire et al., 2010; Rodriguez-Galiano et al.,
2012). The performance of Random Forest has been evaluated with
other machine-learning algorithms in several nitrate pollution studies
(Band et al., 2020; Knoll et al., 2019; Messier et al., 2019) and it was the
MLA with the best predictive performance. The use of Random Forest
can be improved by using Feature-Selection (FS) algorithms, which
allow a subset of original attributes to be selected and to optimally
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reduce the feature space according to a specific criterion (Blum &
Langley, 1997; Dash & Liu, 1997; Zhang & Bao Ho, 2006). The aim of
Feature Selection is to select a subset of relevant features to build robust
learning models, thus reducing the number of features used in the pre-
diction (Blum & Langley, 1997; Rodriguez-Galiano et al., 2018; Saeys
etal., 2007) and contributing to a better understanding of the processes.
Feature Selection allows for increased model accuracy, reducing the
effect of the curse of dimensionality (Bellman, 2003), obtaining more
generalisable models, accelerating the learning process and increasing
their interpretability (Guyon and Elisseeff, 2003). Different Feature
Selection statistical methods are available: filters, embedded and
wrappers. Filters are usually applied in a pre-processing stage and do not
need a machine-learning algorithm for feature selection (Kohavi & John,
1997). Embedded methods perform feature selection during the training
process and are generally specific to given learning machines (Guyon
and FElisseeff, 2003). Likewise, wrapper-based methods combine a
machine-learning algorithm with a feature-search method, selecting the
subset of features with the best predictive performance (Guyon and
Elisseeff, 2003). The ability to select the most relevant features has
allowed the use of Feature Selection in predicting nitrate concentrations
in groundwater using either the wrapper method (Dixon, 2005; Khalil
etal., 2005; Wheeler et al., 2015), or the embedded method (Rodriguez-
Galiano et al., 2014; Tesoriero et al., 2017). With several feature se-
lection methods available, studies such as Rodriguez-Galiano et al.
(2018) and Effrosynidis & Arampatzis (2021) assessed the performance
of different Feature Selection methods and concluded that wrapper-
based feature selection methods had higher predictive performance
than other methods.

Although the use of MLA has been a huge step forwards in the study
of nitrate pollution, regularly updating these studies to monitor partic-
ularly vulnerable groundwater bodies remains challenging. Many
studies include intrinsic properties of groundwater bodies, which in-
fluence the direction and migration rate of nitrates within groundwater
bodies. Some commonly used features include groundwater recharge
rate, hydraulic conductivity, transmissivity and depth to groundwater
(Motevalli et al., 2019; Ransom et al., 2017; Wheeler et al., 2015).
Nevertheless, the hydraulic properties evaluated by pumping tests are
usually few and have limited spatial representation, not representing the
anisotropic behaviour of the groundwater bodies. The exclusive use of
features extrinsic to groundwater bodies for nitrate prediction allows
these studies to be easily upgraded and does not require measurements
in a specific environment or at great expense. Thus, previous studies
such as Wells et al. (2021) used static and dynamic extrinsic features of
groundwater bodies to predict vadose and saturated zone transport rates
and lag times using Random Forest. Studies based on predicting the
spatial distribution of nitrates in groundwater commonly use land cover
images as a proxy to measure the impact that agriculture has on
groundwater pollution. Rodriguez-Galiano et al. (2014) used images
from vegetation indices obtained through remote-sensing techniques for
a specific date to measure the importance of agriculture in making
predictions. However, the use of a land cover image or a single image
from a vegetation index (Normalized Difference Vegetation Index —
NDVI) to measure agricultural activity and its impact on nitrate pollu-
tion lacks fundamental information, such as agricultural seasonality,
interannual crop variability and productivity, due to the fact that it is
not representative of the entire growing season. The inclusion of NDVI
time series adds more information by including all stages of the growing
season. In addition, they can serve as an indicator of vegetation biomass
and crop type, and may be related to crop yields (Duncan et al., 2015;
Sakamoto et al., 2005).

This study develops a method based on Random Forest and Feature
Selection to predict the probability of nitrate concentrations above 50
mg/L in groundwater bodies located in Nitrate Vulnerable Zones in
Andalusia, Spain in the present (Period 3-2017), using models trained
with past environmental conditions (Period 1-2009) validated at an
intermediate time point (Period 2-2010). The main novelties of this
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study are based on the ability to export the applied methodological
procedures to other geographical areas using only features extrinsic to
groundwater bodies available from national and international public
agencies. An easily updatable, free data-source and operational method
for identifying potential nitrate pollution of groundwater from agricul-
tural activities is proposed that can help to establish Nitrate Vulnerable
Zones where nitrate monitoring data and hydrogeological parameters
for aquifers are scarce. To determine the impact that agriculture has on
nitrate pollution of Nitrate Vulnerable Zones, a set of phenological
metrics were included that were derived from the functional analysis of
vegetation indices obtained via remote-sensing techniques. Other fea-
tures used were weather data, terrain features, soil properties and
livestock effluents. The main objectives of this study were: (1) to map
zones of high nitrate concentration in groundwater bodies at different
time periods; (2) to identify the most important features in nitrate
pollution of Nitrate Vulnerable Zones; (3) to evaluate the effectiveness of
different Feature Selection approaches; and (4) to evaluate the proba-
bility of exceeding the 50 mg/L nitrate threshold in Nitrate Vulnerable
Zones for different types of groundwater bodies.

2. Materials and methods
2.1. Case study

Andalusia is the southernmost Spanish administrative region
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(NUTS2) on the Iberian Peninsula. It is located in Southwestern Europe
and has a land area of >87,000 km?. Its terrain consists of various
mountainous systems, separated by alluvial depressions. The region is
characterised by a Mediterranean climate, with a dry period in the
summer that separates two rainfall peaks in spring and autumn. Average
annual rainfall ranges between 300 and 2000 mm and the average
temperature is 17 °C, with maximum values in July-August and mini-
mum values in January. The climate promotes agricultural use in the
alluvial river basins, primarily through intensive agriculture. The main
arable land areas are irrigated and dry farming, olive groves, orchards
and greenhouses. Besides the Baetic Depression, which is the main re-
gion for agricultural production, other production regions of note
include Vega de Granada and Campo de Dalias (Fig. 1).

Groundwater in Andalusia comprises approximately 27% of the
water used for irrigation of arable crops (INE, 2021). Large agricultural
areas in Andalusia are located in the river basins of its main rivers, such
as the Guadalquivir and Genil rivers (Fig. 1). Most of the detrital aquifers
are located in these river basins and receive the excess nitrogen pol-
lutants from fertilisers. Andalusia is the region in Spain that saw the
greatest use of nitrogen fertilisers between 2009 and 2017, with an
average of 240.57 thousand tonnes per year. Fertiliser application has
been generally trending upwards between 2009 (210.3 thousand
tonnes) and 2017 (309.5 thousand tonnes). First, fertiliser inputs were
decreasing until 2014, when fertiliser application reached its minimum
level (285.6 thousand tons of nitrogen). The trend reversed the

Genil
. VEGADE
=. GRANADA

Irrigated zones

~"~~— Rivers

- Irrigated crops

25 50 100 N
e KM A

Fig. 1. A) Location of the Autonomous Community of Andalusia in Spain. B) Distribution of the main irrigated arable land areas in the river basins. C) Types of
groundwater bodies and delimitation of the Nitrate Vulnerable Zones (NVZs) located above groundwater bodies. Nitrate samples used for training (321wells) and

testing (282 wells); predictive models are represented here (see Section 2.2).
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following years, reaching the maximum fertiliser application in 2017
(Ministerio de Agricultura Pesca y Alimentacion, 2021). The Nitrates
Directive (91/676/EEC) required that EU countries identify surface
waters and groundwaters with nitrate concentrations above 50 mg/L or
those at risk of being polluted by agricultural nitrates. The identification
of polluted waters or waters at risk of being polluted was the first step
towards the designation of Nitrate Vulnerable Zones. Regional govern-
ments in Spain designated Nitrate Vulnerable Zones using bodies of
water that had been identified as polluted or at risk of being polluted,
and the identification of intensive agricultural and livestock plots whose
seepage affected bodies of water due to nitrate input (Junta de Anda-
lucia, 2008).

The hydrogeological properties of groundwater bodies in Andalusia
are diverse. Carbonate aquifers are mainly located in the east and north
of Andalusia and are composed of limestones and dolomites. Detrital
and mixed bodies of water are located in alluvial river basins and areas
with low relief complexity, and are primarily composed of materials
such as sands, gravels, silts and sandstones. The main recharge method
for all groundwater bodies is infiltration by rainwater, but to a lesser
extent also by infiltration of agricultural irrigation surpluses, lateral
inputs from other aquifers and surface runoff, as the upper layers are
usually composed of permeable materials (Lopez Geta, 1998). This study
uses the groundwater bodies identified in Fig. 1 to predict the distri-
bution of nitrate concentrations and the area of Nitrate Vulnerable Zones
within the groundwater bodies to assess their susceptibility to nitrate
pollution.

2.2. Data

Groundwater nitrate data was obtained from a national scale water
quality monitoring network database (Ministerio para la Transicion
Ecologica y el Reto Demografico, 2021). Nitrate samples were obtained
from open interval at varying depths. Thus, the final sample is a mixture
of the water collected from the borehole throughout the open interval, at
an average depth of 10-60 m, depending on the groundwater body. The
initial database was filtered to collect groundwater samples from
Andalusia and to remove erroneous data and sampling problems. The
final database consisted of 1,312 samples from 451 different
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measurement sites with an average temporal frequency of six months (i.
e. two sampling campaigns per year). Nitrate samples were obtained
considering the months and years that had the highest number of sam-
ples between June and October of 2002-2010 (Fig. 2). These two pe-
riods in the year coincided with the period before and after the
fertilisation process. The years 2002-2006 and 2008 had fewer samples
and showed higher seasonal and interannual variability with greater
dispersion. June samples showed a tendency to accumulate higher
amounts of nitrates with a lower number of samples, whereas October
samples showed lower amounts of nitrates when the number of samples
increased. The 2009 and 2010 campaigns were selected for predictive
modelling, as they had a higher number of samples and a more balanced
distribution between the pre- and post-fertilisation period (June and
October). The mean and median nitrate values for 2009 were lower than
those for 2010 (43.8 mg/L and 14 mg/L in 2009, and 59 mg/L and 19.5
mg/L in 2010). The maximum and minimum values were 356 mg/L and
1 mg/L for 2009, and 420 mg/L and 0 mg/L (<LOD mg/L) for 2010. Two
data subsets were generated: i) 321 samples from the June and October
campaigns in 2009, used for model training; and ii) 282 samples from
the June and October campaigns in 2010, used as an independent test for
model validation (see Section 2.3 Predictive modelling). All available
samples from each campaign were used for model training, applying a
10-fold cross validation to obtain an independent test. Of all samples,
248 (41.1%) were obtained in detrital groundwater bodies; 196 (32.5%)
in carbonate groundwater bodies; and 159 (26.4%) in mixed ground-
water bodies.

A set of 44 independent features related to driving forces (activities
that may affect the environment) and nitrate infiltration was used for
prediction. Only features for which data could be easily obtained on a
large scale were selected. A requirement in this study was to use data
available from public agencies, with a view to making this methodology
exportable to other regions or a national level in a simple and
straightforward way. The features that were selected were related to: i)
crop phenology; ii) livestock effluents; iii) digital terrain models (DTMs);
iv) weather; and v) soil textures. Table 1 shows the independent features
included, data sources and extraction methodology. Features were
resampled to a grid with common coordinate origin and spatial resolu-
tion (250 m x 250 m).
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Fig. 2. Box plots of nitrate samples for the months of June and October from 2002 to 2010. The box plots for June and October are shown in red and blue
respectively. The horizontal line in each boxplot is the median value and the square symbol is the mean value. The edges of each box are the 25th and 75th percentiles
(i.e. the interquartile range), and the whiskers extend to 1.5 times the interquartile range. The 1st and 99th percentiles with an x and the number of samples is
displayed at the bottom of the graph. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)



A. Cardenas-Martinez et al.

Journal of Hydrology 603 (2021) 127092

Table 1

Summary of the spatial features, data sources and methodology.
Name Abbreviation Source Methods Units
Phenology MODIS/Terra Surface Savitzky-Golay filtering (

Time for start of the season

Time for end of the season

Length of the season

Base level

Time for middle of the season

Largest data value during the season
Seasonal amplitude

Rate of increase at the beginning of the season
Rate of decrease at the end of the season
Large seasonal integral

Small seasonal integral

Value for start of the season

Value for end of the season

Livestock effluents

Average livestock effluents with a search radius of 1 km
Average livestock effluents with a search radius of 3 km
Average livestock effluents with a search radius of 5 km
Sum of livestock effluents with a search radius of 1 km
Sum of livestock effluents with a search radius of 3 km
Sum of livestock effluents with a search radius of 5 km

Digital Terrain Model (DTM)

Valley depth

Total catchment area

Convexity

Slope Length and Steepness factor
Multi-resolution Ridge Top Flatness

Topographic wetness index
Convergence Index

Terrain ruggedness index

Slope

Channel network

Relative slope

Channel network base level

Profile curvature

Aspect

Plan curvature

Analytical hillshading

Multiresolution Index of Valley Bottom Flatness

Altitude

Weather
Mean precipitation 3 previous months
Mean precipitation 1 previous month

Mean temperature 3 previous months
Mean temperature 1 previous month

Soil texture
Silt

Sand

Clay

Start season NDVI
End season NDVI
Length season NDVI
Base level NDVI
Mid-season NDVI
Largest value fitted NDVI
Seasonal amplit. NDVI
Rate incr. NDVI

Rate dec. NDVI

Large integral NDVI
Small integral NDVI
Start season val. NDVI
End season val. NDVI

Lstock mean 1
Lstock mean 3
Lstock mean 5
Lstock sum 1
Lstock sum 3
Lstock sum 5

Valley depth

Tot. Catchment area
Convexity

LS-Factor

MRRTF

Topographic wet. Idx.
Convergence Idx.

Terr. Ruggedness Idx.
Slope

Ch. Network

Rel. slope

Ch. Net. Base level
Prof. Curvature
Aspect

Plan curvature
Analytical hillshading
MRVBF

Altitude

Acc. Precip. 3 months
Acc. Precip. 1 month

Mean temp. 3 months
Mean temp 1 month

Silt
Sand
Clay

Reflectance 8-Day L3
Global 250 m data
(MODO09Q1) obtained
from NASA’s LP DAAC
(https://Ipdaac.usgs.
gov/).

Livestock census for the
Andalusia region
(NUTS2)(https://www.
juntadeandalucia.es/).
Excretion coefficients
UNFCCC (2021).

Digital Terrain Model
from LiDAR.(http
://centrodedescargas.
cnig.es/).

Andalusian
Environmental
Information Network
(REDIAM)(https
://laboratoriorediam.
cica.es/).

Spanish National Soil
Erosion Inventory (INES).
(https://www.mapa.gob.
es/).

Jonsson & Eklundh,
2004) and a threshold-
based method of 10% was
used to extract the
phenological features.

Calculation of livestock
effluents from livestock
farm data and excretion
coefficients for Spain in
2010 using the
methodology of Eurostat
(2013) at aradius of 1, 3
and 5 km from livestock
farms.

Extracted using SAGA
GIS (2.3.2).

(Iwahashi & Pike, 2007).
(Moore et al., 1991).
(Gallant & Dowling,
2003).

(Koethe & Lehmeier,
1996).
(Riley et al., 1999).

(Krcho, 1973).

(Gallant & Dowling,
2003).

Spatial interpolation of
monthly precipitation
data using Inverse
Distance Weighted (IDW)
spatial interpolation
method.Multiple
regression from daily
maximum and minimum
temperature data, using
elevation, distance to the
coast and orientation as
factors.

Canero & Rodriguez
Galiano (2019).

Julian days
Julian days
Number of days
Unitless
Unitless
Unitless
Unitless
Unitless
Unitless
Unitless
Unitless
Unitless
Unitless

Tonnes of nitrogen (N)
Tonnes of nitrogen (N)
Tonnes of nitrogen (N)
Tonnes of nitrogen (N)
Tonnes of nitrogen (N)
Tonnes of nitrogen (N)

Metres (m)

Square metres (m2)
Percentage (%)
Unitless

Unitless

Unitless
Unitless

Unitless
Degrees (°)
Metres (m)
Unitless
Metres (m)
Unitless
Degrees (°)
Unitless
Unitless
Unitless

Metres (m)

Millimetres (mm)
Millimetres (mm)

Degrees Celsius (°C)
Degrees Celsius (°C)

Percentage (%)
Percentage (%)
Percentage (%)

Phenological observations are essential in many aspects of agricul-
tural practice, such as defining the growing season length for crops in a
specific region or the timing of irrigation and fertilisation (Caparros-
Santiago et al., 2021; Chmielewski, 2013). In this study, phenology was
considered as a proxy to identify agricultural areas and separate them
from natural vegetation and urban areas. Phenological features provide
more information than a static land cover image, as they not only record

a measure of which agricultural areas are in production, but can also be
used to predict the degree of agricultural production. Their use allows
identification of the date on which the growing season begins (sprouting
of the plant) and the date of harvest, enabling distinctions between
different types of crops and their phenological stages. Phenology also
allows distinguishing between irrigated and rainfed crops, with the
former typically being more demanding in terms of nitrogen fertilisation
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and with better soil conditions for nitrate leaching occur (Dzurella et al.,
2015; Merchan et al., 2020). Thirteen phenological features were
extracted from the analysis of NDVI time series calculated from weekly
surface reflectance composites of the MODIS MOD09Q1 product. Live-
stock effluent features were obtained from the livestock farms census in
Andalusia, which identifies each livestock farm, livestock quantity and
species. The excretion coefficient was obtained for each type of livestock
using those available for Spain (UNFCCC, 2021). Livestock effluents
were quantified by considering their cumulative and average impact. To
this end, three search radii (1, 3 and 5 km) were specified, yielding 6
features. Livestock effluents were calculated using the methodology
proposed by Eurostat (2013). Nexcrerion Was predicted by multiplying the
excretion coefficients per head and type of livestock (Nc) by the average
annual population (AAPi) of that livestock species:

N exeretion (fonnes N) = o
Z{AAPi (1000 heads)*N.(Kg N per head p.a.)}

A set of eighteen terrain model-related features and six weather-
related features was included in the study. Terrain features were
extracted from the Digital Terrain Model (DTM) for Spain, obtained
from the airborne LiDAR point cloud at a resolution of 25 m on the
website of the Spanish National Geographic Institute (IGN), which was
then resampled to 250 m. The terrain features included in the study
were: (i) basic topography metrics (i.e. elevation); (ii) morphometry,
through roughness, concavity, and convexity measurements (i.e. Slope,
Terrain Ruggedness Index, Multiresolution Ridge Top Flatness Index -
MRRTF and Multiresolution Valley Bottom Flatness Index - MRVBF);
and (iii) hydrological analysis, including measurements of channel
network identification and flow catchment area (i.e. Channel Network
Base Level and Total Catchment Area). Weather was included with two
features: precipitation and temperature. The monthly average for the
three months and the month before the nitrate samples were used,
taking into account the time it might take for nitrogen pollutants to
leach into the groundwater bodies under different meteorological con-
ditions and after precipitation events, as well as the flow and transport
mechanisms in the unsaturated zone of the aquifers (Al-Jaf et al., 2021;
Kawagoshi et al., 2019; Mencio¢ et al., 2011; Mendes & Ribeiro, 2010).
High temperatures are associated with higher plant evapotranspiration,
which may have an impact on lower nitrate leaching (Wick et al., 2012).
In contrast, high average temperatures may lead to higher rates of soil
mineralisation, which could increase nitrate concentration in ground-
water (Schweigert et al., 2004). Meanwhile, heavy precipitation is
associated with increased leaching of pollutants such as nitrates that
have previously been stored in the soil (Wageningen University &
Research, 2011). Features with different temporal amplitudes for pre-
cipitation and temperature were included to train the model for spatio-
temporal variability of pollutant infiltration into groundwater. Both
precipitation and temperature features were obtained as final products
from the Andalusian Environmental Information Network (REDIAM -
laboratoriorediam.cica.es). Temperature and precipitation data was
obtained from the meteorological stations of the Spanish Meteorological
Agency (AEMET) in both cases. Likewise, the textural fractions (sand,
silt and clay) were estimated using predictive models built with the
Random Forest algorithm (Canero & Rodriguez Galiano, 2019), also
using predictor features derived from land surface phenology, terrain
attributes and meteorology. The soil samples for the textural fractions
were obtained from the Spanish National Soil Erosion Inventory (INES),
which has surface soil samples for the whole of Spain, obtained at a
depth of approximately 10-30 cm.

2.3. Predictive modelling

The aim of the study was to take a three-phase methodology that is
commonly used for land-use change modelling and adapt it for pre-
dicting nitrate pollution in groundwater. Figure 3 shows the flowchart

Journal of Hydrology 603 (2021) 127092

for methodology that was applied. Three stacks of 44 features with a
common spatial resolution (250 m x 250 m) were generated for pre-
dictive modelling, including static features (terrain features and tex-
tures) and dynamic features (phenology, livestock effluents and
weather). It should be noted that the DTM and texture derived features
are static and therefore identical for 2009, 2010 and 2017. The models
were trained using two different campaigns of 321 nitrate concentration
samples, both for the Period 1 (June and October 2009), and a stack of
predictor features for 2009. The predictive performance of the models
trained in Period 1 was evaluated internally using a 10-fold Cross
Validation (CV). The use of CV allows the algorithm to learn from the
totality of the data and is an unbiased and iterative procedure, which is
useful for cases where there is a low number of training samples. Once
evaluated by CV, the models were applied to perform a spatial predic-
tion of the probability of nitrate concentrations in the groundwater
bodies identified in Fig. 1 exceeding 50 mg/L for the Period 2 (2010) by
using a new feature stack for 2010. Two nitrate maps were obtained,
corresponding to June and October, to assess the prediction differences
associated with the dynamic features. The spatial predictions made for
Period 2 were used to perform a statistical analysis of nitrate concen-
trations in the area of groundwater bodies in the Nitrate Vulnerable
Zones (NVZs) (see Fig. 1) by model and groundwater body type (detrital,
carbonate and mixed), in order to find out which bodies of water have a
higher probability of nitrate pollution (>50 mg/L nitrate). The spatial
predictions for Period 2 were also applied to perform an additional test
on a different dataset to the training dataset. This test of 282 nitrate
samples from June and October 2010 enabled assessment of the gener-
alisation capacity and uncertainty associated with applying models
trained in an earlier period (Period 1-2009) to the dynamic features of
Period 2 (2010). In addition, a third feature stack corresponding to
Period 3 (2017) was used to perform a new spatial prediction, where it
was assumed that the associated accuracy or uncertainty would be
similar to those of the independent test performed on the 282 nitrate
samples from Period 2 (2010), as the features in both cases were
different to those from Period 1 (2009). Thus, changes in the probability
of nitrate concentrations above 50 mg/L in groundwater bodies were
quantified for the period 2010-2017.

All models were built in R 3.5.3. software, using the ‘mlr’ package
(Bischl et al., 2016) for training and validation. Random Forest alone
and in combination with Feature Selection approaches were employed
to identify the drivers of high nitrate concentrations. Random Forest for
classification was used in the study because of its successful results in
predicting nitrate pollution in groundwater (Knoll et al., 2019; Tesoriero
et al., 2017). As this is a probability analysis, the response feature was
binarised prior to model training. Samples of nitrate concentrations
below 50 mg/L were reclassified as 0 (not polluted) and those above
were reclassified as 1 (polluted). Random Forest only needs two pa-
rameters to be defined to generate the predictive models: the number of
trees generated in the classification (k) and the number of predictor
features (m) used in each tree (Breiman, 2001). For classification, each
tree provides a unit vote for the most popular class in each input
instance, so that the final result is determined by the majority vote of all
trees (Guo et al., 2011; Rodriguez-Galiano et al., 2012). The hyper-
parameters were tuned to obtain more robust and generalisable models,
establishing parameter combinations that optimise the predictive per-
formance of the models (Probst et al., 2019). The k parameter used
values of 100, 200, 300, 400, 500, 600, 700, 800, 900 and 1000, and the
m parameter used a value of 1:30, running 300 different models.

In order to avoid creating very complex and uninterpretable models
with features that provide redundant information, a Feature Selection
process was applied to the models trained in Period 1 (2009). Different
Feature Selection approaches based on the Random Forest wrapper
method were applied in this study, due to the better performance
compared to other feature selection methods (Effrosynidis & Arampat-
zis, 2021; Rodriguez-Galiano et al., 2018). Different search strategies
can be used in feature selection such as exhaustive search, genetic
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Fig. 3. Flow chart of methodology based on machine learning and driving forces for the monitoring of Nitrate Vulnerable Zones. Three periods were used: Period 1
(2009) for training of the predictive models, Period 2 (2010) for validation and initial prediction and Period 3 (2017) to analyse the updated capacity of the models.

algorithms, random search and forward and/or backward deterministic
search. The last search method was selected because it has the best ratio
balance between performance and computational cost (Guyon and Eli-
sseeff, 2003). Four sequential feature search strategies were used:
sequential backward selection (SBS), sequential forward selection (SFS),
sequential forward floating selection (SFFS) and sequential backward
floating selection (SBFS). The evaluation of the predictive performance
of all models generated in Period 1 with CV and in Period 2 with the
additional fixed test was performed using an objective function such as
the Mean Misclassification Error (MMCE). The MMCE is the average
misclassification error expressed as a proportion and is commonly used
as a measure of classifier accuracy (Ferri et al., 2002). In terms of pre-
dicting nitrate pollution in groundwater, the MMCE has been used to
analyse misclassified cases (Rodriguez-Galiano et al., 2018). Likewise,
the importance of features in predicting Random Forest and Feature
Selection models was measured with Mean Decrease in Gini, which is
the average of a feature’s total decrease in node impurity weighted by
the proportion of samples reaching that node in each individual decision
tree in the random forest (Breiman, 1998). The greater the value of the
mean decrease Gini score, the greater the importance of the feature in
the model.

The Kappa coefficient (K) was employed as a complementary mea-
sure to assess the suitability of applying a model trained using the
driving forces of Period 1 (2009) to the Period 2 (2010) feature stack.
The K coefficient is a measure of the overall agreement of an error matrix
after discounting for matches that may be due to chance (Cohen, 1960).
It is calculated by comparing the proportion observed along the diagonal
(Pp) minus the proportion expected to be obtained by chance (P,),
divided by the maximum chance of agreement that can be expected for
the marginal totals (1-P,): K = (P —P.)/(1 — P,). Likewise, the evalu-
ation of the model accuracy obtained by Feature Selection was per-
formed by estimating the true positive rate (TPR) and the false positive

rate (FPR). TPR indicates the percentage of nitrate samples correctly
classified in polluted areas. Conversely, FPR indicates the percentage of
misclassified samples in polluted areas. Each threshold results in a (TPR,
FPR) pair and a series of such pairs are used to plot the Receiver
Operating Characteristic (ROC) curve. These are also known as the
“sensitivity (TPR)” and “specificity 1-(FPR)” (Rodriguez-Galiano et al.,
2014). The sensitivity is the probability of predicting nitrate pollution
given that the true state is polluted. The specificity is the probability of
predicting no nitrate pollution given that the true state is unpolluted
(Hastie et al., 2009). The area under the ROC curve statistic (AUC) was
used as a measure of a classifier’s performance; an AUC value of 1 is
considered perfect and an AUC value of 0.5 is considered to be random
guessing (Bradley, 1997).

3. Results
3.1. Feature importance

Figure 4 shows the 15 most important predictor features included in
the models. In general, terrain features were the most important, fol-
lowed by phenological features. The models trained in Random Forest
(RF) alone and those in Random Forest with Feature Selection using
sequential backward search (RF + SBS and RF + SBFS) used more fea-
tures in the prediction than the Random Forest models with Feature
Selection using sequential forward search (RF + SFS and RF + SFFS),
resulting in large differences in importance values. In RF + SFS only 6
features were used in the prediction (Slope, MRRTF, End season val.
NDVI, Valley Depth, Base level NDVI and Lstock sum 1), making it the
simplest model. In comparison, RF, RF + SBS and RF + SBFS used 44, 41
and 36 predictor features, respectively, while RF + SFFS used 7 features
(Slope, MRTRF, Altitude, Silt, Convexity, Start season NDVI and Mean
temp. 1 month).
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3.2. Modelling assessment

Table 2 shows the evaluation of the models in Cross Validation (CV)
with nitrate samples from Period 1 and in the fixed test with nitrate
samples from Period 2. In Cross Validation, the models trained in RF +
SFS and RF + SFFS achieved better performance (MMCE = 0.101) than
Random Forest (RF) alone (MMCE = 0.133) and the remaining Random
Forest models with Feature Selection. The results show that the Random
Forest models with Feature Selection outperformed Random Forest
alone. The models based on sequential backward searches (RF + SBS and
RF + SBFS) had greater accuracy (MMCE = 0.102) than those based on
sequential forward search (MMCE = 0.109). However, RF + SFS and RF
+ SFFS prediction used fewer features, achieving models with a lower
computational cost. K showed a good degree of agreement across all
models, although certain differences existed, and RF + SBS was the
model that obtained the greatest degree of agreement (K = 0.766).
Random Forest alone achieved the lowest degree of agreement in this
metric (K = 0.731), using the complete set of features for model
building.

Figure 5 shows the results of an ROC curve analysis considering the
True Positive Rate and False Positive Rate according to different
thresholds for the possibility of being classified as zones with high
probability of nitrate pollution. Both RF + SFS/RF + SFFS (AUC =
0.958) and RF + SBS/RF + SBFS (AUC = 0.961) achieved identical
accuracies, showing that nearly all groundwater samples with high ni-
trate levels (>50 mg/L) were classified correctly. Therefore, the accu-
racy of the models trained in RF + SFS/RF + SFFS was very similar to
that of the models trained in RF + SBS/RF + SBFS despite using a set
with a lower number of driving forces, confirming the results obtained in
the fixed test for Period 2 (see Table 2).

3.3. Spatial prediction for Period 2 and groundwater typology analysis

The model used for spatial prediction was the one obtained with all
predictor features — Random Forest (RF) alone; the simplest model —
Random Forest with Sequential Forward Selection (RF + SFS); and the
model with the lowest MMCE — Random Forest with Sequential Back-
ward Selection (RF + SBS). Figure 6 represents the probability of
identifying nitrate concentrations above 50 mg/L in the groundwater
bodies in Andalusia for Period 2 (2010). The spatial prediction analysis
shows the same nitrate distribution pattern for all models, with differ-
ences existing mainly at the local level and particularly in RF + SFS. In
general, the probability of identifying high nitrate concentrations
increased in areas with larger arable land extensions. The highest
probabilities were primarily found in the alluvial depressions of rivers
and depositional zones where sedimentation is the dominant process.
The results obtained for Random Forest alone and RF + SBS were
spatially similar, which may be due to the use of a set of similar features
in the prediction. However, the small difference between the features
used for Random Forest alone and RF + SBS made this latter model the
one with the highest accuracy. Figure 7 shows the box plots for pre-
dictions generated by the models. RF + SFS obtained more dispersed
probability values than Random Forest alone and RF + SBS, which
mainly predicted intermediate probability values (between 0.3 and 0.6).
RF + SFS showed a lower probability of identifying large quantities of
nitrates overall, with 34% of the area of the Nitrate Vulnerable Zones
having a probability of > 0.5 for October, compared with Random Forest
alone (44%) and RF + SBS (45%). The larger number of dynamic fea-
tures used in the Random Forest alone and RF + SBS models favoured
seasonal variability in making predictions. Thus, the difference in
average probability between campaigns was not significant for both
models with and without feature selection, with higher probability
values in October (0.45 in RF alone and 0.46 in RF + SBS) than in June
(0.43 in RF alone and 0.44 in RF + SBS). RF + SFS did not use any
dynamic features in the prediction (e.g. temperature or precipitation),
thus the spatial predictions for June and October were identical, with an
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Fig. 4. Feature importance according to Mean Decrease in Gini for Random
Forest and the Feature Selection algorithms. The 15 most important features for
the models generated by Random Forest alone (RF), Random Forest with
Sequential Backward Selection (SBS) and Random Forest with Sequential
Backward Floating Selection (SBFS), the 6 features for Random Forest with
Sequential Forward Selection (FS) and 7 features for Random Forest with
Sequential Forward Floating Selection (SFFS) were selected.

Table 2

Predictive performance of Random Forest alone and Random Forest with
Feature Selection in Cross Validation for Period 1 and in spatial prediction for
Period 2.

Learner N Features MMCE CV MMCE Period 2 Kappa
RF 44 0.133 0.113 0.731
RF + SFS 6 0.101 0.109 0.743
RF + SFFS 7 0.103 0.109 0.744
RF + SBS 41 0.122 0.102 0.766
RF -+ SBFS 36 0.106 0.102 0.758

average probability of 0.38.

Figure 8 shows the box plots for the probability of nitrate concen-
trations above 50 mg/L in the Nitrate Vulnerable Zones (NVZs) in
Andalusia by learning model and groundwater body typology (detrital,
carbonate and mixed) for Period 2 (2010). Box plots were created to
assess the probability of nitrate pollution (>50 mg/L nitrate) in the
different groundwater body types in Andalusia (detrital, carbonate and
mixed) in June and October. Overall, the prediction results show that
detrital and mixed groundwater bodies are more likely to have nitrate
concentrations above 50 mg/L than carbonate groundwater bodies.
Model analysis shows how RF + SFS predicted lower mean probability of
nitrate pollution in detrital and mixed groundwater bodies (Detrital =
0.38 in June and October; Mixed = 0.40 in June and October), compared
to Random Forest alone (Detrital = 0.45 in June and 0.48 in October;
Mixed = 0.42 in June and October) and RF + SBS (Detrital = 0.46 in
June and 0.48 in October; Mixed = 0.43 in June and October). For
carbonate groundwater bodies, a similar probability was predicted by
the models for Random Forest alone (Carbonate = 0.29 in June and 0.30
in October), RF + SFS (Carbonate = 0.25 in June and 0.25 in October)
and RF + SBS (Carbonate = 0.31 in June and October). The analysis by
models and groundwater body typologies shows that RF + SFS dispersed
the values more than the other models, which is reflected in the spatial
prediction as an absence of central values (yellow tones — see Fig. 6).

3.4. Spatial prediction for Period 3 and change analysis

The model built in Random Forest with Sequential Forward Selection
(RF + SFS) was used to perform a new spatial prediction using the Period
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lection (RF + SBS) and Random Forest with Sequential Backward Floating
Selection (RF + SBFS). The dashed line indicates a random guess.

3 (2017) feature stack. This model had the best predictive performance
of all the trained models and was computationally more efficient as it
had a similar predictive performance with a much smaller number of
features than the other trained models. Figure 9 shows the spatial pre-
diction of the probability of nitrate concentrations above 50 mg/L in
groundwater bodies for June and October of Period 3 (2017), as well as
the changes in the spatial prediction made by the learning model be-
tween 2017 and 2010. It should be noted that since RF + SFS did not use
any seasonal dynamic features (i.e., temperature or precipitation), the
prediction was identical for June and October. The map displays
changes in probabilities of nitrate concentrations exceeding 50 mg/L as
the areas where the probability of nitrates increased in 2017 (in brown)
and areas where it decreased (in blue). The areas that show no change
(in yellow) range from —0.05 to 0.05. Overall, the probability remained
stable at 0.38, although, according to the prediction, the area affected by
the highest probability of nitrate pollution (>50 mg/L nitrate) decreased
in 2017 to 33%, slightly lower than the Period 2 value (34%). Feature
Selection has the advantage of improving the interpretability of the
models by selecting the most relevant feature set for classification. The
model built in RF + SFS used three dynamic features: End season val.
NDVI; Base level NDVI; and Lstock sum 1. The dynamic features enabled

Journal of Hydrology 603 (2021) 127092

detection of changes at the local scale. Thus, the probability was reduced
in those areas where the End season val. NDVI (NDVI value for the end of
the growing season - EOS) and Base level NDVI (BL) were higher
compared to Period 2. In other areas where NDVI was slightly lower,
Lstock sum 1 (accumulation of livestock effluent within 1 km) was found
to have increased significantly compared to Period 2, thus livestock
effluent may also have influenced the increase in the probability of ni-
trate pollution in specific regions.

4. Discussion

4.1. Use of extrinsic features of groundwater bodies and their effect on
nitrate pollution

The probability of nitrate concentrations exceeding the thresholds
established in WFD (50 mg/L nitrates) can be predicted using environ-
mental features extrinsic to groundwater bodies. To this end, features
were used that are easily updatable on a spatio-temporal scale and can
be adapted to the complex and dynamic interplay between the hydro-
logical cycle and diffuse pollutant transport (Kumar et al., 2020).
Existing predictive modelling of nitrate pollution in the literature uses
hydrogeological features as part of subsets of aquifer-scale predictive
features (i.e. Boy-Roura et al., 2013; Motevalli et al., 2019; Rahmati
et al., 2019; Tesoriero et al., 2017). The complex measurement of
hydrogeological parameters or the lack of large-scale measurements of
these parameters in many regions hampers the ability to replicate the
methodology of these studies in larger settings. Knoll et al. (2020) and
Ouedraogo et al. (2019) performed predictions of nitrate concentrations
at national and continental scales using MLA that overcome the limi-
tations of obtaining hydrogeological information for several bodies of
water. However, its applicability in the continuous analysis of nitrate
may be limited by the need for updated hydrogeological information in
areas where, in the case of countries such as Spain, said information is
not provided by government administrative bodies. This study attemp-
ted to avoid the limitations associated with producing updated hydro-
geological information by using dynamic environmental features to
train multi-temporal predictive models sensitive to seasonal changes in
nitrate concentration in groundwater.

Random Forest with Sequential Forward Selection (RF + SFS) was
the model that had the best predictive performance in relation to the
number of features and used both dynamic and static features in the
prediction. The three dynamic features were: End season val. NDVI and
Base level NDVI, which are related to phenology; and Lstock sum 1,
which is related to livestock farming. The phenological features were
Base Level NDVI and the NDVI value of the EOS. Base Level NDVI is the
mean between the minimum values at the beginning and at the end of
the growing season (Eklundh & Jonsson, 2017) and both Base Level
NDVI and the NDVI value of the EOS are associated with the period with
less photosynthetic activity of vegetation (i.e. the period where the
NDVI value is lower). The results show that the probability of higher
nitrate concentrations in the Nitrate Vulnerable Zones is linked to the
zones where the Base Level NDVI and the NDVI value of EOS are lower.
This coincides with Zhao et al. (2020), who identified a negative rela-
tionship between nitrate leaching and the increase in the vegetation
index value in autumn and winter months, in such a way that nitrate
leaching is reduced in zones with increased above-ground biomass and
plant nitrogen, as was also shown in Macdonald et al. (2005). Zhao et al.
(2020) also linked a decrease in soil water nitrate concentration with an
increase in the NDVI value and greater plant nitrogen storage. Higher
nitrate concentrations in Nitrate Vulnerable Zones also showed a posi-
tive relationship with high-density manure production areas. The
accumulation of livestock effluents within a 1 km radius (Lstock sum 1)
was the feature included in the model, indicating that the greatest
effluent impact would be in areas closest to farms. This positive rela-
tionship has been analysed in studies such as De Notaris et al. (2018) and
could be explained by the leaching of livestock effluents deposited in
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Fig. 6. Spatial prediction of the proba-
bility of nitrate concentrations above 50
mg/L in the groundwater bodies in
Andalusia, Spain in Random Forest
alone, Random Forest with Sequential
Forward Selection (RF + SFS) and
Random Forest with Sequential Back-
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October of Period 2 (2010). The predic-
tion was performed using the 44-feature
stack with a common spatial resolution
(250 m x 250 m) for all groundwater
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and around buildings (Oenema et al., 2007) or used as fertilisers.

The static features included in SFS and with the greatest importance
in all models were terrain features (see Fig. 4). Terrain features were also
the most important in SFFS, although this model additionally included
soil textural features such as silt. A controversial aspect of Feature Se-
lection is the multiplicity of good models, which is also common in
statistical algorithms, such as multiple regression or logistic regression.
Different feature subsets might share good and similar accuracy, thus
resulting in a non-unique solution or physical model explaining a

10

1st and 99th percentile as an x, with the
search methods and months represented
at the bottom of the graph.

phenomenon (Rashomon effect, Breiman, 2001b). Slope was the most
important in SFS and SFFS; the zones with the shallowest slope favoured
infiltration processes affecting groundwater bodies (Antonakos & Lam-
brakis, 2007). The average surface terrain slope over groundwater
bodies in Andalusia is 8.16%, while this slope decreases to 3.52% in
Nitrate Vulnerable Zones. This is because Nitrate Vulnerable Zones
usually occur within the alluvial zones of large rivers, which are more
suitable for agricultural activities. In fact, features such as slope, altitude
or ruggedness are linked in the literature to the groundwater potential
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Fig. 8. Box plot of the probability of nitrate concentrations above 50 mg/L in the Nitrate Vulnerable Zones (NVZs) for each type of groundwater body (detrital, mixed
and carbonate) in Random Forest (RF) alone, Random Forest with Sequential Forward Selection (SFS) and Random Forest with Sequential Backward Selection (SBS)
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Fig. 9. Left: spatial prediction of the probability of nitrate concentrations above 50 mg/L in groundwater bodies in Andalusia, Spain in Random Forest with
Sequential Forward Selection (RF + SFS) for June and October Period 3 (2017). Right: difference in probability between Period 3 (2017) and Period 2 (2010). The
zones in blue indicate reduction in probability in Period 3 compared to Period 2. The zones in yellow indicate no difference in probability. The zones in brown
indicate an increase in probability. The prediction was performed using the 44-feature stack with a common spatial resolution (250 m x 250 m) for all groundwater
bodies in the outlined Nitrate Vulnerable Zones (NVZs). It should be noted that the prediction was identical for June and October because the model did not use
seasonal dynamic features. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

zones (Naghibi et al., 2017; Rahmati et al., 2018), as well as to the
higher nitrate pollution in groundwater (Mfumu Kihumba et al., 2016;
Motevalli et al., 2019; Ouedraogo et al., 2016). Other features included
in the models such as MRRTF and MRVBEF, identified the summits of
ridges and the bottoms of valleys, respectively (Gallant & Dowling,
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2003). The importance of these features, which are related to the
morphological conditions of the terrain, might be linked to the accu-
mulation of run-off surpluses and the infiltration process affecting the
vadose zone (Mendes & Ribeiro, 2014). Thus, Parra Suarez et al. (2019)
and Zhu et al. (2009) observed that nitrate leaching processes in hillside
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agroforestry environments increased in lower area of the hillsides and
sediment deposition areas (which might be related to slope, MRRTF and
MRVBF), due to nitrate transport by soil water (Young & Briggs, 2005).
The results also showed that areas of lower elevation in Nitrate
Vulnerable Zones are more susceptible to nitrate pollution. Creed &
Band (1998) found a positive relationship between lower elevation and
nitrate leaching, stating that lower elevation might be related to areas
that receive less precipitation. Rahmati et al. (2019) reported the highest
concentration of nitrates in the groundwater of valleys, which tend to
have greater agricultural activity and are more susceptible to soil water
retention. In the case of Andalusia, agricultural areas are spread over the
catchments of the main rivers, where the average elevation does not
exceed 350 m, thus the highest nitrate concentrations might be related
to agricultural areas.

4.2. Comparison of feature selection approaches

The application of Feature Selection algorithms enabled the selection
of subsets of explanatory environmental features, obtaining simple
methodological procedures that could be exported to other Nitrate
Vulnerable Zones with similar properties in the EU. The sequential
backward search (SBS and SBFS) strategies obtained a lower MMCE
compared to the sequential forward search (SFS and SFFS) strategies,
with success rates of 89.8% and 89.1%, respectively (see Table 2 —
MMCE Period 2). These results stood in contrast to those of Rodriguez-
Galiano et al. (2018), who obtained better results with models trained
with Sequential Forward Selection (SFS) and Sequential Forward
Floating Selection (SFFS). Likewise, Random Forest alone was the model
with the worst performance, correctly classifying 88.7% of cases (see
Table 2 — MMCE Period 2). However, the prediction obtained from
Random Forest alone showed better performance than other probability-
based studies, such as Tesoriero et al. (2017), who obtained a success
rate of 77% for probabilities of nitrate concentrations above 5 mg/L in
Wisconsin, USA and Rodriguez-Galiano et al. (2014), who had a success
rate of 80.46% for probabilities of nitrate concentrations above 50 mg/L
in a region of southern Spain. This is an advance in nitrate prediction in
large-scale areas, generating highly accurate spatial predictions for
groundwater bodies with different hydrogeological properties without
requiring nitrate sampling campaigns for each Nitrate Vulnerable Zone.
To this end, different innovative aspects have been included, using dy-
namic (e.g. phenology) and static (e.g. soil attributes) features that are
extrinsic to groundwater bodies. In addition, a novel three-step meth-
odology has been applied to select representative drivers of nitrate
pollution and their seasonal variability. Among all the models gener-
ated, RF + SFS was considered the model that performed best, obtaining
an MMCE similar to the most accurate models with only six features. The
difference in the number of features confirms the idea proposed by
Guyon and Elisseeff (2003) and verified by Rodriguez-Galiano et al.
(2018) that wrappers built using forward sequential search were
computationally more efficient, identifying a smaller feature subset at a
similar error rate.

Nitrate samples from Period 2 (2010) were used for model valida-
tion. In this sense, nitrate samples were not available for validation
purposes at Period 3 (2017), as the idea behind this methodology is to
predict the “current” status of groundwater bodies for operative and
early diagnosis (see Section 2.3 Predictive modelling). It should be noted
that this is a standard approach in certain areas of science, such as land-
use change modelling (Camacho Olmedo et al., 2015; Msofe et al.,
2020), but has never been applied to groundwater pollution. Addition-
ally, the usefulness of this approach is not only to have spatial pre-
dictions of the probability of nitrate pollution using nitrate
measurements from previous years, but also to have a prediction for
groundwater bodies at a regional level. The proposed methodology al-
lows for assessment of the probability of pollution in all groundwater
bodies, including those for which the WFD quality network does not
obtain measurements, exemplified in an agricultural region with
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complex orography such as Andalusia.
4.3. Spatial probability of nitrate pollution in nitrate Vulnerable Zones

The probability of nitrate pollution had a similar spatial pattern
across all models, showing differences in specific regions. In general, the
irrigated agricultural zones in the Nitrate Vulnerable Zones over detrital
groundwater bodies showed a strong relationship with the highest ni-
trate concentrations, especially in the Guadalquivir and Guadalete ba-
sins in south-western Andalusia (see Fig. 1). This trend is shown in
similar studies for other agricultural regions located on detrital
groundwater bodies (e.g. Boy-Roura et al., 2013; Knoll et al., 2019). In
these zones, the interaction of groundwater bodies with surface flow, the
permeability of alluvial deposits and agricultural practices are associ-
ated with a greater vulnerability to diffuse nitrate pollution (Arauzo
et al., 2011; Kazakis & Voudouris, 2015). Other flat areas with signifi-
cant livestock farming activity also seemed to be especially linked to
nitrates (e.g. Los Pedroches, in the north of Andalusia). Nitrate
Vulnerable Zones over carbonate aquifers had a lower probability of
nitrate pollution, which can be observed in the east of Andalusia. These
zones are characterised by having few valley bottoms and are zones with
greater ruggedness, favouring infiltration processes through the disso-
lution of carbonates. However, soil cover in these karstic regions is
usually thin or absent (Leibungut, 1998), which may hinder large-scale
agricultural practices and explains the reason why the majority of Ni-
trate Vulnerable Zones were delimited in detrital aquifers (see Fig. 1).
Thus, Ducci et al. (2019) related low nitrate levels in carbonate aquifers
to mountainous areas with less agricultural activity and anthropogenic
pressure. The analysis of changes between 2010 and 2017 (see Fig. 9)
showed a slight decrease in the probability of nitrate pollution in Nitrate
Vulnerable Zones, especially in irrigated areas. The decrease in the
probability was mainly in the Nitrate Vulnerable Zones, while increases
occurred mostly in the remaining bodies of water. These results are in
line with the monitoring report on Directive 91/676/EEC for the period
2016-2019 for Spain (Ministerio para la Transicion Ecologica y el Reto
Demografico, 2020), which shows a strong decrease in most of the
measurement stations in the Nitrate Vulnerable Zones in Andalusia. At
the same time, the report warned of the increase in nitrate concentra-
tions in groundwater bodies outside the Nitrate Vulnerable Zones
(especially in areas such as Los Pedroches - see Section 2.1. Case study).
Although the unavailability of predictions for other years made it
impossible to identify clear trends, the decrease in the probability in
Nitrate Vulnerable Zones might be related to the constraints and mea-
sures on agricultural practices imposed by the WFD and Nitrates
Directive (Oenema et al., 2011). Thus, the decrease in probability in the
modelling was related to the increase in Base Level NDVI and NDVI
value at the end of the season in 2017. The impact of the Nitrates
Directive on agriculture has been examined in studies such as Velthof
et al. (2014), who linked the decrease in N losses in the 2000-2008
period with the reduced use of fertilisers and manure in the EU. Despite
the improvement in water quality in the Nitrate Vulnerable Zones, the
development of tools and control mechanisms for monitoring the Nitrate
Vulnerable Zones was identified as one of the main challenges for the EU
(European Commission, 2018). Considering that Spain does not have a
unified water quality data system, a different approach was taken that
considers the good performance of a trained model for an intermediate
year (Period 2 — 2010). This is because most of the nitrate campaigns are
carried out by regional and supra-regional agencies, using different
sampling frequencies, methodologies and databases, hindering the
possibility of training models with larger input data and assessing the
interannual variability of the nitrate content of groundwater bodies in a
more comprehensive way. Nevertheless, the results obtained in this
study could serve as a starting point to enhance operational nitrate
monitoring in Nitrate Vulnerable Zones.
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5. Conclusion

This study assessed the application of machine learning and feature
selection algorithms for the predicting nitrate pollution in Nitrate
Vulnerable Zones using spatial features extrinsic to groundwater bodies.
Predictive modelling based on extrinsic features, such as those derived
from remote sensing, made it possible to identify the area of ground-
water bodies identified as Nitrate Vulnerable Zones that might be most
susceptible to pollution without the need to carry out specific analysis of
each groundwater body. Phenology and terrain features were selected as
the most important in the predictive modelling. Phenology enabled the
incorporation of fundamental knowledge about the effects of produc-
tivity, area and the agricultural calendar and their possible relationship
to nitrogen fertilisers application. Thus, features such as the NDVI value
for the end of the season or Base Level NDVI might be an important
source of information in measuring the impact that agriculture has on
nitrate pollution in Nitrate Vulnerable Zones.

The creation of highly accurate spatial predictions for a period
beyond the model learning period may be useful in establishing miti-
gation measures, and it would also help to provide complete and reliable
information on the state of groundwater bodies in the Nitrate Vulnerable
Zones, in accordance with the requirements of the Nitrates Directive.
Feature Selection methods allowed for optimisation of Random Forest
performance, generating more accurate models and achieving a reduc-
tion in the dimensionality of the feature space. Wrapper-based Random
Forest with Sequential Forward Selection (RF + SFS) was the model with
the best performance in relation to the number of features used (MMCE
=0.109, AUC = 0.958 and six predictor features). This model predicted
that 34% of the area of the Nitrate Vulnerable Zones was susceptible to
having nitrate concentrations above 50 mg/L in Period 2. The applica-
tion of the model to Period 3 resulted in a 1% reduction in the area of the
Nitrate Vulnerable Zones susceptible to nitrate pollution, down to 33%.
The applicability of this methodology to other regions of the EU might
serve as the basis for periodic prediction of the state of Nitrate Vulner-
able Zones groundwater bodies and the establishment of new criteria for
identifying trends that require the application of control and protection
measures.
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