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Abstract
The most used methods to evaluate the vulnerability to contamination of aquifers are based on overlay
index maps, such us DRASTIC, GOD and AVI. These methods assign weighting and rating values to
hydrogeological characteristics, introducing subjectivity in the evaluation. In this research, a new
methodology is proposed to eliminate some of that subjectivity. The methodology evaluates the
vulnerability to contamination of a detrital aquifer using K-means cluster analysis with a new set of
parameters. The set is composed of some parameters extracted from these methods, as well as other new
ones that have a signi�cant in�uence on the movement of contaminants. Application of the Principal
Components Analysis (PCA) technique before using K-means cluster allowed the selection of the relevant
parameters. In order to validate the methodology, this was applied to a detrital aquifer located at central
Spain (the so-called “Aluviales Jarama-Tajuña” aquifer) with a signi�cant agricultural development. To
compare the traditional methods of vulnerability assessment with the K-means cluster, nitrate
concentration was used as a pollution indicator. Thus, 23 groundwater quality samples were used to
correlate (Spearman´s correlation coe�cient) the vulnerability values with nitrate concentration to validate
the most suitable method. The results showed that GOD and AVI were not appropriate methods to evaluate
the vulnerability of the aquifer, because they use few variables which do not represent relevant features for
the vulnerability assessment. Alternatively, DRASTIC and K-means cluster analysis obtained higher
Spearman´s correlation coe�cients. The relevant features selected by PCA analysis were depth of
groundwater (D), net recharge (R), and land use (L). The new proposed method grouped data in three
clusters (low, moderate and high vulnerability), increasing the Spearman´s correlation from 34% of
DRASTIC method to 48%. This result con�rmed the advantage of applying cluster analysis in the
assessment of groundwater vulnerability in detrital aquifers.

1. Introduction
Aquifers represent the most important source of water in arid and semi-arid zones. Water in aquifers has a
natural protection against evapotranspiration losses and inputs of anthropogenic agents from human land
uses. However, the growing demand for water due to increasing industrial and agricultural activities puts
aquifers at high risk of contamination. Prevention is the most appropriate strategy for groundwater
protection (Kadkhodaie et al. 2019). Vulnerability assessment is one of the most widely used tools to
prevent aquifer pollution, since it allows the identi�cation of the areas most susceptible to contamination
taking into account their own hydrogeological characteristics (Babiker et al. 2005). Thus, intrinsic
groundwater vulnerability depends on the natural conditions of aquifer, i.e. those hydrological and
geological characteristics that affect and control the movement of groundwater (Aller et al. 1987).

There are different methods to assess the intrinsic vulnerability: simulation methods, statistical models
and overlay index methods (Huan et al. 2012). The overlay index methods are widely used because of their
simple approach. In this research, three well-known methods are considered: the GOD index (Foster 1987),
the AVI index (Stempvoort et al. 1993) and the DRASTIC index (Aller et al. 1987). The former is the most
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common and established method (Rupert 2001; Panagopoulos et al. 2006; Huan et al. 2012; Kazakis and
Voudouris 2015; Jafari and Nikoo 2016; Yang et al. 2017; Barzegar et al. 2020).

All of these overlay index methods are somewhat subjective, as they assign numerical weighting and rating
values to the properties according to their importance and hydrogeological features of aquifer. However,
they do not take into account in�uence of regional and local conditions (e.g. land uses among others) that
can affect weighting and rating values which is a major disadvantage (Javadi et al. 2011; Hao et al. 2017).
To improve the vulnerability assessment, researchers have modi�ed the original methods by changing the
weighting and rating values through statistical methods or by adding/ removing variables (Rupert 2001;
Panagopoulos et al. 2006; Javadi et al. 2011; Mendoza 2012; Huan et al. 2012; Hao et al. 2017;
Kadkhodaie et al. 2019).

Data mining techniques are being used in groundwater studies related to prediction of water quality,
de�nition of hydrogeological models, aquifer assessment, and transport of contaminants (Pathak and
Hiratsuka 2011; Conti and Gibert 2014; Yoo et al. 2016; Stumpp et al. 2016; Marín Celestino et al. 2018;
Ouedraogo et al. 2019; Tahmasebi et al. 2020). The capability of data mining techniques to process hidden
and big datasets allows to identify patterns that can be used to predict hydrogeological behavior of
aquifers, which in turn improves the design of groundwater protection programs (Conti and Gibert 2014;
Tahmasebi et al. 2020).

A useful data mining technique is the K-means clustering, an unsupervised pattern recognition method
(Javadi and Hashemy 2016; Javadi et al. 2017) that allows information to be classi�ed into different
groups or clusters. It is an iterative algorithm that assigns individual points to a cluster such that the sum
of the squared Euclidean distance between the data points and the centroid of the cluster is at the
minimum (Dabbura 2020). One of the di�culties of the K-means method is to de�ne the number of
clusters, as it must be established at the beginning of the iterative process. Charrad et al., (2014) propose
to estimate the optimal number of clusters through the calculation of various indices. Some of the
variables or features help to identify clusters while others add noise, making clustering more di�cult (Dash
and Koot 2009). For this reason, is necessary to identify the relevant features in order to select the variables
that have the greatest in�uence on the process (Song et al. 2010). Principal Component Analysis (PCA) is
the most common method of unsupervised feature selection (Wu 2012; Xu et al. 2015). PCA allows to
reduce the number of dimensions or features, compressing the data. In addition, the method has the
possibility to select features from the original information (Song et al. 2010).

The detrital Jarama-Tajuña aquifer, located in central Spain, is an important source of water supply for the
agricultural and industrial activities in the region of Madrid. This aquifer was selected for this work
because the use of agricultural products and wastewater for irrigation has signi�cantly increased the
concentration of nitrate (NO3

−) in the groundwater (Arauzo et al. 2008; Mostaza-Colado et al. 2018;
Mostaza 2019). Agricultural activities combined with the excessive application of fertilizers are a potential
source of nitrate contamination of groundwater. Thus, nitrate is considered an indicator of groundwater
quality (Kazakis and Voudouris 2015).
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This research proposes a new methodology to assess the vulnerability to contamination of an detrital
aquifer, considering non-redundant variables extracted from DRASTIC, AVI and GOD methods, as well as
other variables not considered in the aforementioned methods, in order to improve the vulnerability
assessment and eliminate some of the subjectivity implicit in the overlay index methods. A secondary aim
of the work is to validate the applicability of the K-means analysis through statistical correlation of the
maps obtained by each vulnerability assessment method with an indicator of groundwater quality.

2. Study Area
The “Aluviales Jarama-Tajuña” aquifer is located in the southeast of Madrid (Spain) (Fig. 1). The area (133
km2) is situated approximately between 3º38 and 3º25 W and between 40º7 and 43º21 N. The Jarama
River �ows north to south along the aquifer area, being the river and the aquifer hydraulically connected
(Mostaza-Colado et al. 2018). The climate is Mediterranean temperate-continental, close to semi-arid
conditions during summer. The average annual rainfall is 350 mm, estimated by Thiessen polygons
method from three weather stations (“Center: Finca Experimental”, “Arganda” and “San Martín de la Vega”,
Fig. 1) for the 2008–2018 period (data from the Spanish Agroclimatic Information System for
Irrigation,Sistema de Información Agroclimática y de Regadíos -SIAR-, 2019).

The “Aluviales Jarama-Tajuña” is a shallow uncon�ned aquifer formed by Quaternary alluvial deposits of
the Jarama River (Carreño Conde et al. 2014), consisting mainly of gravels and sands interbedded with
layers of clay and silt layers (Bardají et al. 1990). The basement of the aquifer and its sidewalls are formed
by Tertiary sedimentary units, which consist mainly of gypsum with intercalated beds of carbonate rocks
and mudstones (Fig. 2) (Calvo et al. 1989; Carreño Conde et al. 2014). The aquifer has an average
thickness of 10.97m and is characterized by a storage coe�cient and a transmissivity of 0.07 and 700
m2/d, respectively (Bardají et al., 1990).

The study area has an important agricultural development, with arti�cial irrigation being one of the main
sources of water for crops. The continued use of agricultural products in the area (fertilizers, pesticides,
etc.) is signi�cantly increasing the risk of contamination. Periodic monitoring of groundwater quality is
annually carried out by the Hydrographic Confederation of El Tajo (CHET), showing that the concentration
of nitrate in some wells exceeds the acceptable level de�ned at50 mg/L (Arauzo et al. 2008; BOE 1996;
Mostaza 2019).

.

3. Materials And Methods

3.1 Data Set Collection
The data considered in this work include:
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Geological settings: obtained from the National Geological Map MAGNA 1:50,000; (Sheets: 559
MADRID, 560 ALCALÁ DE HENARES, 582 GETAFE, 583 ARGANDA, 605 ARANJUEZ (Instituto Geológico
y Minero de España -IGME- 1984) and from 22 Vertical Electrical Soundings (VES), carried out by
Bardají et al. (1990).

Hydrogeological settings: including water level data from 58 monitoring wells, obtained in monitoring
campaigns during �ve years (2012, 2013, 2015, 2016, 2017) (Mostaza 2019). Data from11 pumping
tests previously carried out by Bardají et al. (1990) have been included as well as, hydraulic
conductivity data, de�ned for different lithologies by various authors (Smith and Weathcraft 1993;
Domenico and Schwartz 1998; Sanders 1998; Coduto 1999; Fetter 2001).

Cartographical settings: including digital elevation model and topography map (scale 1:25,000,
Instituto Geográ�co Nacional -IGN- 2019), land use map (scale 1:100,000 Corine land cover map,
Instituto Geográ�co Nacional -IGN- 2018) and, soil map of Spain (scale 1:3.000.000, from the National
Atlas of Spain, Instituto Geográ�co Nacional -IGN- 2008).

Climatological settings: precipitation and temperature data sets from 3 weather stations located in the
watershed: “Center: Finca experimental”, “Arganda” and “San Martín de la Vega” (Sistema de
Información Agroclimática y de Regadíos -SIAR- 2019) for the period 2008–2018.

Agricultural settings: agricultural demand units (UDA) from the Hydrological Plan of the Tajo basin for
2015–2021, (CHT 2015).

Water quality settings: nitrate concentration data collected from 23 water wells located in the study
area during three years of monitoring (2015–2017) (CHT 2019; Mostaza 2019).

The data were storage as a geographic database in ArcGIS v10.2.1. The whole study area (133 Km2) was
divided in 5842 pixels with a cell size 150mx150m, in order to obtain a big data set to evaluate the different
variables in each point.

The assessment was performed in the following six stages:

Intrinsic vulnerability mapping using overlay index methods: DRASTIC, GOD and AVI

Intrinsic vulnerability analysis using cluster analysis (K-means algorithm) with a high dimensionally
data set.

Selection of hydrogeological features by Principal Analysis Component (PCA), to reduce the dimension
of the cluster analysis.

Intrinsic vulnerability mapping using cluster analysis (K-means algorithm) with a low dimensionally
data set.

Validation of the vulnerability map. Comparison of the effectiveness of each method by statistical
correlation between a quality water indicator (nitrate concentration) and the vulnerability value.

A max-min normalization method (Salazar and Del Castillo 2018) of the vulnerability index values obtained
from each applied method was performed to standardize the ranges of values (0–1) (Eq. 1).
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NormalizedVulnerabilityindex =
( Vx−Vmin)

( Vmax−Vmin)  Eq. 1

Where Vx is the vulnerability index value evaluated in the x point, and Vmin, Vmax are the obtained
minimum and maximum vulnerability index values of the range, respectively.

From the normalized vulnerability index values were de�ned four vulnerability classes: Low (Vulnerability
index ≤ 0.25), Moderate (0.25 < Vulnerability index ≤ 0.50), high (0.50 < Vulnerability index ≤ 0.75) and very
high (Vulnerability index > 0.75).

3.2 Intrinsic vulnerability assessment by overlay index
methods
The DRASTIC, GOD and AVI methods were used to assess the vulnerability to aquifer contamination by
overlay index maps.

3.2.1 Vulnerability analysis by DRASTIC method
The DRASTIC method assumes that contaminants are introduced from the surface and that they have the
same mobility as water (Aller et al. 1987).

The method uses seven parameters, called “factors”: Depth to the water table (D), net recharge (R), aquifer
media (A), soil type (S), topography (T), impact of the vadose zone (I) and hydraulic conductivity (C).
Depending on the importance of each factor considered for assessment, this method assigns a weighting
coe�cient (W) from 1 to 5. In adittion, each factor is assigned a rating value (R) from 1 to 10, depending on
its expression. Thus, the vulnerability is calculated by the following equation (Aller et al. 1987):

DRASTICIndex(DI) = DRDw + RRRw + ARAw + SRSw + TRTw + IRIw + CRCw Eq. 2

Where DR, RR, AR, SR, TR, IR, CR are the rating values and Dw, Rw, Aw, Sw, Tw, Iw, Cw are the weighting
coe�cients (Table 1). Higher values of DRASTIC index (DI) represent higher vulnerability than lower values.
In this work, the rating values were selected according to speci�c information of the study area (Table 1).

Depth to water table (D) was determined by interpolating depth values from 58 wells recorded in �ve years
(2012, 2013, 2015, 2016, 2017) (Mostaza 2019). The kriging method was used to interpolate the values
with an exponential variogram.

Net recharge (R) was calculated as the sum of natural and arti�cial recharge (Fig. S1). Natural recharge
was obtained from a water balance for the three Thiessen polygons de�ned in the study area (Tables S1a,
S1b, S1c, Fig. S2) using the following equation (Custodio and Llamas 2002) (for a closed hydrogeological
basin):

R = P – ETR – ESC Eq. 3
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Where R is natural recharge, P is monthly precipitation, ETR the real evapotranspiration and ESC is the
surface runoff (See Supplementary information for details).

Arti�cial recharge was calculated from irrigation return �ows in the agricultural demand units (UDA) (Table
S2, Fig. S3). Information on land use (Instituto Geográ�co Nacional -IGN-, 2018) and agricultural demand
(CHT 2015) was necessary to determine the irrigation zones in the study area. Arti�cial recharge was
estimated by intersecting irrigation zones and agricultural demand units.

The lithology of the aquifer (A) as well as the impact of vadose zone (I) were obtained by integrating the
information from 22 vertical electrical soundings (VES) (Bardají et al., 1990) (Fig. S4) and the geological
map of the area (Instituto Geológico y Minero de España -IGME-, 1984) (Fig. 2a). Lithological information
from three drill cores allowed to calibrate the lithology in the VES (Fig. S5), thus obtaining 22 lithological
sections by correlation (Fig. 2(b) shows three representative of them). This information was used for a
complete lithological interpretation of the aquifer and the vadose zone. Subsequently, numerical values
were assigned to the lithological units according to their permeability properties. Different rating values
were considered for each type of lithology as shown in Table 1. The aquifer media (A) and impact of the
vadose zone (I) maps were produced by kriging interpolation with an exponential variogram.

The soil type (S) factor was obtained using the soil map and soil texture (Monturiol and Alcalá del Olmo
1990; Instituto Geográ�co Nacional (IGN) 2008; United States Department of Agriculture (USDA) 2017). Soil
type is a descriptive variable, and numerical values were assigned according to the DRASTIC method
(Table 1).

The slope topography (T) was calculated from the digital elevation model (Instituto Geográ�co Nacional -
IGN-, 2019), scale 1:25.000 by using the slope tool in ArcGIS.

The hydraulic conductivity (C) was determined by dividing the transmissivity values by the aquifer
thickness values. The transmissivity values were obtained from data from 11 aquifer tests previously
carried out by Bardají et al., (1990). The data were interpolated for the whole study area by the Inverse
Distance Weighted (IDW) method, with a distance of 500 m and a minimum number of points equal to one.
The aquifer thickness data were obtained from the lithological sections (Fig. 2(b)) and depth data (CHT
2019; Mostaza 2019). The aquifer thickness represents the saturated material from the groundwater level
to the basement of the aquifer (gypsum).The derivative map was made by interpolation of the data using
the kriging method (exponential variogram).

All the parameters of the thematic maps were reclassi�ed by de�ning classes and assigning rating values
from 1 to 10, as shown in Table 1.

Equation 2 was used to obtain the DRASTIC vulnerability index (DI) for the study area. The vulnerability
map was produced using the raster calculation tool in ArcGIS. Finally, a normalization of the DI values
made it possible to de�ne the vulnerability classes.
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Table 1
Weighting and rating values of the DRASTIC parameters in the study area

(Adapted from Aller et al., 1987)
Drastic
Parameters

Range Rating values Weighting
Values

(R) (w)

Water level

D (m)

1.5–4.6 9 5

4.6–9.1 7

9.1–15.2 5

15.2–22.9 3

22.9–30.5 2

Net Recharge

R (mm)

0–50 1 4

50–103 3

103–178 6

178–254 8

> 254 9

Aquifer media

A

Sand and Gravel

4–9

Colluvial, gypsum clay 5 3

Gravel, sand, sandy
clay

6

Gravel and silty or
clayey sand

7

Gravel, sand and silt 8

Soil type

S

Loam 5 5

Silty loam 4

Topography

T (%)

0–2 10 3

2–6 9

6–12 5

12–18 3

> 18 1

Impact of vadose
zone

I

Gavel, sand and silt 8 4

Gravel and silty or clayey sand 7

Gravel, sand, sandy clay 6
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Gypsum clay, gypsum, gravel,
sand and clay

5

Hydraulic
conductivity

C (m/d)

0.04–4.08 1 2

4.08–12.22 2

12.22–28.55 4

28.55–40.75 6

40.75–81.49 8

> 81.49 10

3.2.2 GOD method
The GOD method is based on three parameters or “factors” to assess the vulnerability of aquifer: the
groundwater occurrence (G), the overall lithology of aquifer (O) and the water table Depth (D) (Foster 1987).

The vulnerability index is calculated by the Eq. 4, where each factor has a rating value from 0 to 1 (Foster
1987) (Table 2):

VulnerabilityIndex = G ∗ O ∗ D Eq. 4

The vulnerability is considered zero when the GOD index is less than 0.1. An index of 0.1 to 0.3 represents
low vulnerability. An index of 0.3 to 0.5 represents a moderate vulnerability, and an index of 0.5 to 0.7 refers
high vulnerability, and above 0.7 is related to very high vulnerability (Foster and Hirata 1991).

The groundwater occurrence parameter (G) de�nes the type of aquifer. This parameter has been obtained
from the lithological sections and the depth to groundwater data, as well as from other hydraulic data such
as the storage coe�cient (obtained from the pumping test carried out by Bardají et al,. (1990)).

The overall lithology of aquifer (O) factor is equivalent to the impact of vadose zone factor in DRASTIC, but
the ratings assigned to each lithology type in GOD are different. Similarly, the water table depth (D) was
obtained from the previous map in DRASTIC method, but new rating values were considered (Table 2).

The vulnerability index (GOD) was calculated for the entire study area using raster calculator tools in
ArcGIS. The vulnerability index values were normalized (Eq. 1) and then classi�ed to de�ne the classes in
the vulnerability map. 
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Table 2
GOD ranges and rating values for three parameters in the study area (Based on Foster,

1987)
GOD Parameters Range Rating values

Groundwater occurrence

G

Uncon�ned aquifer 1

Overall lithology of aquifer

O

Alluvial silt, clay, marl, �ne limestone 0.5

Alluvial sand and gravels 0.6

Wind sand, sandstone 0.7

Colluvial gravel 0.8

Depth of water

D (m)

20–50 0.6

10–20 0.7

5–10 0.8

2–5 0.9

3.2.3 Aquifer vulnerability index. AVI
AVI is a simpli�ed method to assess the aquifer vulnerability by considering a single parameter, the
hydraulic resistance (C). This parameter is an estimate of the travel time of contaminants through the
unsaturated zone (vertical direction from the ground surface to the groundwater level), measured in years
(Stempvoort et al. 1993). To apply the methodology, it is necessary to know the thickness of the
unsaturated zone and its hydraulic conductivity.

The hydraulic resistance is calculated using the following equation (Stempvoort et al. 1993):

C = ∑ i
di

Kvi  Eq. 5

Where i is the number of layers, di is the thickness of each unsaturated layer and Kvi is the vertical
hydraulic conductivity of each unsaturated layer.

There is an inverse relationship between hydraulic resistance and pollution vulnerability class, as hydraulic
resistance controls the travel time of contaminants in the unsaturated zone.

The unsaturated thickness parameter (d) was obtained from the VES lithological sections located at the
study area (Bardají et al., 1990) (Fig. 2b).

The vertical hydraulic conductivity (Kv) of the unsaturated zone was estimated from the geological map
and the lithological sections (Fig. 2), assigning empirical values from several authors (Smith and
Weathcraft 1993; Domenico and Schwartz 1998; Sanders 1998; Coduto 1999; Fetter 2001). The empirical
values obtained correspond to horizontal values of hydraulic conductivity (Kh). For this reason, it was
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necessary to consider the effects of compaction and consolidation that reduce the soil void ratio in the
unsaturated zone. For the vertical hydraulic conductivity (Kv), a ratio of Kh/Kv = 10 was assumed due to
the lack of information on grain size, which is commonly used for alluvial aquifers (Neilson-Welch and
Allen 2007).

The hydraulic resistance map was obtained using Eq. 5. Normalization and classi�cation were applied to
the obtained vulnerability index values to de�ne the vulnerability index classes. It is important to note that
the classi�cation of the AVI vulnerability index map is inverse to that in other methods. In this case, high
normalized ranges represent low vulnerability and low normalized ranges correspond to high vulnerability.

3.3 Intrinsic vulnerability assessment by K-means cluster
analysis
Clustering analysis allows grouping objects according to their similarities (Rahmani et al. 2019; Javadi et
al. 2020). The similarity between two objects is the distance between them (Euclidean distance is
commonly considered) (Rahmani et al. 2019; Dabbura 2020). Unsupervised methods, as K-means
clustering, do not use prede�ned classes to predict classi�cation, which gives greater objectivity in the
results. In addition, the independence of weighting and rating values in the evaluation of parameters is an
advantage of using clustering. This assumes that the data of all parameters explain the vulnerability of the
aquifer by themselves. This iterative process is achieved by the following procedure:

Creation of “n” x “d” matrix dataset, where n is the number of data points in a d- dimensional feature
space (in this case, all parameters chosen to assess the vulnerability).

Selection of the number of clusters “K”. The optimal number of clusters was determined using the R
package NbClust, which provided 26 indices (Table S3). The best number of clusters was obtained
using the majority rule.

Each point was randomly assigned to the closest cluster The Euclidean distance is used to �nd the
distance of each point to a temporaral cluster.

Recalculation of the temporal clusters with new centroids based to the nearest points located in them.
This is achieved by minimizing the sum of squared errors of the distance “A” between each point to the
centroid of each cluster, using the following equation (Dabbura 2020):

A = min∑k
i=1∑x∈ki‖xk − mi‖2 Eq. 6

Where xk = (x1, x2, x3,……..xn) are the data belonging to the ki cluster; and mi is the centroid of the cluster ki :

{m}_{i}= \frac{\sum _{k=1}^{Ni}{x}_{k}}{{N}_{i}}*{x}_{k}\in {k}_{i} Eq. 7

Where Ni is the number of data objects in the cluster i.

The procedure ends when no points are reallocated from one cluster to another or when a prede�ned
number of iterations is reached (Dabbura 2020).
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The selection of the parameters to be used in K-means cluster analysis on a high dimensional dataset was
carefully studied to consider non-redundant variables in order to avoid noise to create clusters. In addition,
it was important to take into account parameters that in�uenced in facilitating the transport of pollutants
(Rahmani et al. 2019) .

The parameters considered were extracted from different methods as DRASTIC (Aller et al. 1987), AVI
(Stempvoort et al. 1993), GOD (Foster 1987) and others parameters by modi�ed methods. The six
parameters considered are described below.

Depth of water table (D), which considered the unsaturated thickness and the hydraulic head of the aquifer
(Aller et al. 1987; Debernardi et al. 2008). Aquifer recharge (net recharge, R), which considered soil
conditions, cover vegetation and land slope (See Supplementary information), (Aller et al. 1987; Kazakis
and Voudouris 2015). Land use (L), which considered different activities developed in the area that have
in�uence on the vulnerability to pollution, as well as, the irrigation network (Jarama irrigation water
channel) (Arezooman et al. 2015; Kazakis and Voudouris 2015; Asadi et al. 2017; Hao et al. 2017). Land
use is a qualitative parameter, for this reason, it was assigned numerical values from 1 to 5, according to
tendency to contamination (Table 3). Aquifer hydraulic conductivity (C), which considers aquifer media and
permeability (Aller et al. 1987; Hao et al. 2017). Hydraulic conductivity of the unsaturated zone (Kv), which
considered the vertical permeability and the impact of vadose zone (Aller et al. 1987; Foster 1987;
Stempvoort et al. 1993). Aquifer thickness (Th), which considered the dilution phenomena of the
contaminant within the aquifer (Debernardi et al. 2008; Hao et al. 2017).

The data processing was carried out using RStudio v.4.0.5 software. Each parameter was normalized with
the max-min scaling method, in order to reduce the bias caused by the predominance of very high ranges
over lower ranges. The extract point value tool in ArcGIS v.10.2.1 was used to obtain the data of each
variable for all the 5842 points. 

Table 3
Land uses values in the study area

Land use Value

Urban areas 5

Industrial-commercial areas 5

Land�ll 5

Irrigation crops 5

Non-irrigated arable land 3

Water courses 3

Non-vegetation 2

Forest and green areas 1
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3.3.1 Feature selection by Principal Analysis Component
(PCA)
Principal Component Analysis (PCA) was used to identify the relevant features from the original dataset,
following the procedure proposed by Song et al., (2010).

The contribution of each eigenvector was calculated as the sum of whole absolute eigenvalues within the
eigenvector. They were arranged in descending order, representing the hierarchy of the importance of each
variable. The PCA reduces the dimension of dataset, explaining as much variance as possible. Thus, the
dimension of the dataset could be reduced and the new low-dimensional data set was considered to select
the relevant variables in the principal components.

3.3.2 K-means Cluster By Low Dimensional Data Set
K-means clustering analysis was applied to the new low-dimensional data set obtained from the PCA.
Following the procedure described in the section 3.3, a new smaller data set was created with an “n “x “d”
matrix, where n is the number of data points (5842) in a d low dimensional feature space.

3.4 Vulnerability map validation by using the nitrate concentration as an indicator of contamination.

The main pollutant in the “Aluviales Jarama-Tajuña” aquifer is nitrate, because of the intense agricultural
activity (Arauzo et al. 2008; Mostaza-Colado et al. 2018). For this reason, nitrate concentration has been
considered in this work as a reference indicator to validate the obtained vulnerability maps. Concentration
data from 23 monitoring wells were classi�ed into four categories as pollution indicator (low < 12mg/L,
moderate 12-25mg/L, high 25-50mg/L and very high > 50mg/L). Values above 50mg/l were considered as
very high nitrate concentration because they exceed the limit recommended by the Spanish Government
(BOE 1996).

The ArcGis extraction tool allowed to obtain the corresponding the vulnerability index value for each nitrate
concentration monitoring well.

Finally, a statistical analysis using Spearman’s correlation coe�cient was carried out to verify the degree of
association between the vulnerability index and nitrate concentration. This analysis was performed to
validate the vulnerability results of the different methods (Panagopoulos et al. 2006; Javadi et al. 2011;
Yang et al. 2017; Barzegar et al. 2019).

4. Results And Discussion

4.1 Drastic Vulnerability Analysis
The spatial distribution of the classes de�ned for each DRASTIC parameter is shown in Fig. 3.The
maximum depth of groundwater (D) (29.7m), is found in the central zone of the study area and minimum
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values (around 6.3m) are located in the north and south sectors (Fig. 3a). Almost 70% of the study area
has a water table depth of less than 9m, which determines that the most of the area is vulnerable to
contamination due to the small thickness of the unsaturated zone.

The net recharge (R) varies from 0 to 984 mm per year. The maximum values correspond to irrigated zones
(mostly located in the south), covering an area of 20%. In the central and northern zones, the recharge is a
combination of rainfall and irrigation (more than 60% of the study area) (Fig. 3b). Despite the area with
highest recharge is small, the recharge is higher than 254mm (maximum limit established by DRASTIC
methodology) what favors contaminant in�ltration from the surface.

The aquifer media factor (A) of the study area is de�ned by the dominant presence of sands and gravels
(rating values 4–9). The highest permeability of the aquifer occurs in the central zone (35% of total area),
which is considered the most vulnerable to contamination (Fig. 3c). Although the permeability of the
aquifer is high, it shows little variation. Therefore, this parameter does not affect the distribution or
variability of the DRASTIC vulnerability index.

The soil media factor (S) is de�ned by the occurrence of loamy and silty loamy textures, the latter being
found in most of the study area (approximately 70%) (Fig. 3d). This type of soil texture helps to protect the
vadose zone from the entry of contaminants.

More than 70% of the study area has a very low slope (T) (between 0–2%), only increases at the
boundaries of the area and along the river banks (Fig. 3e). The gentle topography results in low surface
runoff, which favors vulnerability to irrigation-related in�ltration of pollutants.

The vadose zone (I) is de�ned by the occurrence of gravels, sands, clays, and silts (more than 80% of the
study area). The most permeable materials are located in the central zone (Fig. 3f). Permeability
contributes to the movement of pollutant movement from the surface to aquifer increasing the vulnerability
there.

The aquifer hydraulic conductivity factor (C) ranges from 0 to 476 m/d. The hydraulic conductivity in more
than 50% of the study area was higher than 81.49 m/d (which is the highest limit established by the
DRASTIC methodology). The highest values are located in the south and in some areas in the north
(Fig. 3g). These areas are susceptible to have high vulnerability, due to their high transmissivity and low
unsaturated thickness. The lowest values of hydraulic conductivity are located in the central zone.
Therefore, this area is less vulnerable to contamination due to its low hydraulic conductivity.

The DRASTIC Vulnerability Index (DI) ranged from 94 to 207. The distribution of the four de�ned
vulnerability classes (low, moderate, high and very high vulnerability) is shown in the DRASTIC vulnerability
map (Fig. 4). Almost 20% of the study area (mostly in the southern part) shows a very high vulnerability,
in�uenced by the recharge related with high crop irrigation. A large part of the aquifer shows high
vulnerability (53% of the study area). This is located along study area (north, central-west and edges at
south zones), related to the high permeability of materials in these zones. Moderate and low vulnerability
values are identi�ed in the central-eastern part of the study area, where the water level is deeper and the
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hydraulic conductivity is lower. The DRASTIC vulnerability map shows that almost 70% of the study area
has high and very high vulnerability. This result reveals that the “Aluviales Jarama-Tajuña” aquifer is highly
vulnerable to contamination.

 

4.2 GOD vulnerability analysis
The spatial distribution of the classes de�ned for each GOD parameter is shown in Figs. 5a and 5b. The
“Aluviales Jarama-Tajuña” aquifer is uncon�ned, according to lithological sections (Fig. 2b) and pumping
test (Carreño Conde et al. 2014). Therefore, 100% of study area is uncon�ned aquifer and the map of
groundwater occurrence (G) is de�ned by a single value equal to one (1) according to GOD method. The
lithology of aquifer factor (O), equivalent to vadose zone factor in DRASTIC, varies from 0.5 to 0.7, as
gravels, sands, clays and silts constitute 100% of study area. There is little variation of the permeability
regarding the thickness of unsaturated material, which makes the area very vulnerable (Fig. 5a). As in the
DRASTIC method, depth of groundwater factor (D) is low (depth is less than 10m in more than 70% of
area), which is contributing to the high vulnerability (Fig. 5b).

The GOD vulnerability index ranged from 0.32 to 0.70. The map in Fig. 5c shows the distribution of the
normalized and classi�ed GOD vulnerability index. Almost 60% of the study area has very high and high
vulnerability (40% and 20%, respectively). This occurs in three well-de�ned zones located in the south,
central and north parts of the study area. The very high to high vulnerability is due to the join effect of the
high permeability of the materials and the low thickness of the unsaturated zone. 36% of the study area
shows moderate vulnerability, mainly in the central zone where the relatively high depth of groundwater
decreases the possibility that the pollutant reaching the aquifer. Only 4.6% of area displays low
vulnerability, which occurs at the lateral edge of the aquifer at east of the central zone and in the
southwestern part of study area. There, the materials consist mainly of clays and gypsum that reduce the
in�ltration.

4.3 AVI vulnerability analysis
The hydraulic resistance values varied between 0 to 767 years (Fig. 6a). 68.2% of the study area shows
very high vulnerability from north to south (only moderate to low vulnerability predominates in the
southernmost part, Fig. 6b). The low values are related to the high hydraulic conductivity of the
unsaturated zone, together with a low thickness (6m on average) of this layer.

4.4 K-means Cluster analysis
The parameters considered in the K-means cluster analysis are shown in Fig. 7.
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The “n x d” data matrix was made of 5842 data points and six feature space (“D”, “R”, “C”, “Kv”, “Th” and
“L”). After max-min normalization of database, the method resulted in an optimal number of three (3)
clusters, proposed by 12 of 26 index.

The results of high dimensional K-means cluster analysis are summarized in Table 4.

Table 4 Variation of feature data in the three identi�ed clusters (High dimensional dataset)

      D (m) R
(mm/year)

C
(m/d)

Kv(m/d) Th(m) L Vulnerability

Cluster points % Mean Mean Mean Mean Mean Mean

1 2461 42.1 8.8 16.3 82.0 9.0 10.9 2.6 Low

2 2147 36.8 8.7 35.3 80.1 8.5 11.4 5.0 Moderate

3 1234 21.1 5.3 967.9 132.6 6.9 10.9 4.3 High

Cluster 3 includes the lowest values of depth of groundwater (D) and the highest values of recharge and
hydraulic conductivity (R,C). In addition, land use (L), has a high value. All these conditions contribute to
de�ne high vulnerability. On the other hand, Cluster 1 represents the opposite scenario of low vulnerability
with the lowest values of recharge (R) and land use (L). Cluster 2 shows moderate vulnerability with higher
recharge (R) than cluster 1, but lower than cluster 3. Although land use (L) in cluster 2 has the highest
value, it was very similar to cluster 3, Thus recharge (R) and land use (L) together contribute to de�ne
moderate vulnerability in cluster 2. Note that vertical permeability on unsaturated zone (Kv) and aquifer
thickness (Th) did not in�uence vulnerability ranking, as they were very similar in all clusters.

4.4.1 K-means cluster by low dimensional analysis

To perform the K-means clustering in a low dimensional dataset, three of the six features were selected
using PCA analysis (Table 5). According to the procedure described in the Materials and Methods section,
the selected features explain more than 86% of the variance. The relevant features were net recharge (R),
Depth of water table (D) and land use (L), in this order of importance calculated by their contribution. These
three features, selected by PCA for 5842 points across the study area, produced the low dimensional data
set.
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Table 5
Eigen vectors and Eigen values, varimax component matrix and

eigenvectors contribution obtained from the PCA. Bold numbers in
eigenvectors represent the maximum eigen values associated to

each parameter.
Parameters PC1 PC2 PC3

D 0.1766423 -0.113552 0.9424516

R -0.906886 0.334078 0.2368487

C -0.124457 0.072504 -0.197747

Kv 0.0499861 0.0002084 0.0742895

Th 0.0089448 -0.083407 0.0905335

L -0.358171 -0.929131 -0.05356

Standard deviation 0.413 0.3031 0.2198

Proportion of Variance 0.4746 0.2555 0.1344

Cumulative Proportion 0.4746 0.7301 0.8645

Contribution 1.63 1.53 1.6

The K-means cluster analysis on the low dimensional data set resulted in three clusters as the optimal
number of clusters, as was the case for the high-dimensional dataset. The results of the low dimensional K-
means cluster analysis are summarized in Table 6.

Table 6 Variation of features data in the three identi�ed clusters (Low
dimensional dataset)

      D (m) R (mm/year) L Vulnerability

Cluster points % Mean Mean Mean

1 2461 42.1 8.8 16.3 2.6 Low

2 2147 36.8 8.7 35.3 5.0 Moderate

3 1234 21.1 5.3 967.9 4.3 High

The results of K-means cluster analysis on the low dimensional data set show the same behavior as the
high dimensional data set. The clusters consist of the same number of points and represent the same
vulnerability classes of vulnerability. Figure 8, shows the clustering vulnerability map.

4.5 Vulnerability method validation

The nitrate observation points were classi�ed by their concentration in four categories (Table 7). The
classi�ed points have been projected onto the vulnerability maps (Figs. 4, 5c, 6b and 8).
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Table 7
Nitrate pollution indicator (four classes) based on nitrate concentration

in water quality monitoring wells.

  Nitrate Concentration (mg/L)

  < 12 12–25 25–50 > 50

Samples 5 10 3 5

Percentage (%) 21.7 43.5 13.0 21.7

Nitrate pollution indicator low moderate High very high

The graphical coincidences for high and low vulnerability and high and low nitrate pollution are noticeable
in DRASTIC and K-means maps (Figs. 4 and 9). In contrast, GOD and AVI methods show less graphical
agreement (Figs. 5c and 6b).

Table 8 shows the Spearman´s correlation coe�cient between nitrate concentration samples and each
method used to assess the vulnerability to contamination.

Table 8 Spearman correlation coe�cient between nitrate concentration and
vulnerability p-value of the studied methods.

Method Spearman rank correlation (rho) p-value

DRASTIC 0.34 0.049*

GOD -0.50 0.007**

AVI 0.01 0.48

K-means (Low dimensional data set 0.48 0.019*

*Spearman test p−value<0.05

The vulnerability indices GOD and AVI vulnerability did not yield a valid correlation with nitrate
concentration values. Better correlations were obtained by the DRASTIC and the K-means methods.
However, the cluster analysis showed a better correlation with nitrate concentration, with higher correlation
coe�cients compared to those for DRASTIC method. K-means cluster analysis resulted in 48% of
Spearman´s correlation coe�cients. The p-values con�rms that the best methods (DRASTIC, K-means)
were statistically signi�cant.

Figure 9 shows the percentage of area with very high, high, moderate and low vulnerability, depending on
the applied assessment method, as well as the nitrate contamination range classes. The results obtained
from the AVI method were completely different from the rest of the methods, as the AVI method assigned
very high vulnerability to a large portion of the aquifer (more than 60% of the study area). This contrasting
result is due to the fact that this assessment method only considers the travel time of the contaminant
through the unsaturated zone. The low correlation of the AVI method with nitrate pollution (Table 8) shows
that more characteristics need to be considered to obtain better or more adjusted vulnerability assessment.
Thus, the AVI method is not suitable to be applied to an aquifer whose vulnerability is dominated by
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hydrological and hydrogeological features as net recharge, depth of water table and land use. The GOD
method showed a negative correlation, meaning that the high values of nitrate concentration correspond
with low vulnerability values and vice versa. This method does not take the aquifer recharge into account
like the AVI method, which con�rmed that recharge is a feature of paramount importance in the
vulnerability assessment of the study area. In addition, the vulnerability assessed in the study area by the
GOD method is strongly in�uenced by depth of water table over the other parameters considered in the
methodology. The low correlation of GOD and nitrate concentration (Table 8) is due to the fact that the
depth of groundwater in this case is not su�cient to de�ne vulnerability zones, suggesting that in detrital
aquifers is necessary to consider others parameters. DRASTIC resulted in a lower proportion of very high
vulnerability, similar to the percentage of samples with very high nitrate contamination (around 19%). On
the other hand, DRASTIC showed different proportions of high, moderate and low vulnerability compared to
the percentage of samples of nitrate concentration classes (Fig. 10). Despite this, the Spearman`s
correlation coe�cient between the vulnerability index of DRASTIC and the nitrate concentration was higher
than GOD and AVI methods (34%, Table 8), indicating that some of the parameters considered on DRASTIC
method had a major in�uence on improving the vulnerability assessment in the aquifer. The K-means
method showed the highest Spearman´s correlation coe�cient between vulnerability classes and nitrate
concentration (48%). This showed that it is important to select non-redundant parameters and, in this case,
the most in�uencing parameters were net recharge, depth of groundwater and land use, as obtained by
PCA analysis. Considering nitrate as an indicator contamination (Table 7, Fig. 10), almost 22% of the
samples corresponded to the very high pollution class, with the nitrate concentration exceeding the
recommended limit (50mg/L). These samples are located on high vulnerability values areas in the cluster
map. Many water quality samples (43%) are indicative of moderate pollution (12–25 mg/L), the most
numerous being located in the central zone of the aquifer coinciding with the moderate vulnerability zones
in the K-means cluster map (where the water depth is higher and net recharge is lower).

K-means cluster analysis based on relevant features emerges as the best method to assess the
vulnerability to pollution of a detrital aquifer, being more objective that the overlay index methods, which
veri�es the advantage of using this technique.

5. Conclusions
Although vulnerability assessment maps have proven to be a useful tool to prevent and control the process
of groundwater contamination, the selection of the most appropriate method is paramount. In this work,
vulnerability of the “Aluviales Jarama-Tajuña” aquifer in Spain has been assessed by overlay index maps
methods (DRASTIC, GOD, AVI) and K-means clustering analysis. The vulnerability maps obtained by each
method were compared with the concentration of nitrate in groundwater samples as an indicator of
contamination, in order to validate the most appropiate method to use. The results showed that is
important to take into account the relevant features in a speci�c area, as the lack of appropriate
parameters could lead to inappropriate results. Furthermore, methods with a short number of parameters
should be used with caution in studies of detrital aquifers, as the few parameters considered may not be
relevant or su�cient to obtain a good vulnerability assessment. This is the case for GOD and AVI methods,
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which did not take into account relevant features such as net recharge and land use in the aquifer under
study. DRASTIC gave better results, as it considers some of these features as well as other parameters that
control the vulnerability of the aquifer. The DRASTIC results improved signi�cantly with the application of
the K-means analysis. However, not all parameters used in DRASTIC were relevant for the assessment. This
was demonstrated by the K-means analysis, which considered a new set of parameters extracted from
index methods. Six parameters were identi�ed (Depth of groundwater (D), recharge of the aquifer (R), land
use (L), hydraulic conductivity of the aquifer (C), hydraulic conductivity of unsaturated zone (Kv), aquifer
thickness (Th)). ,The PCA analysis was applied to that set, obtaining the key hydrogeological parameters
that affect the vulnerability of the detrital aquifer.. The parameters identi�ed as relevant after PCA analysis
were depth of water table (D), net recharge (R), and land use (L). Nitrate concentration has been used as
indicator of contamination to validate the results obtained by the methods used in the study. The
application of K-means cluster yielded the best correlation (48%) between vulnerability values and nitrate
concentration, increasing 14% that obtained from the DRASTIC method. The study shows that cluster
analysis methods can be applied to signi�cantly eliminate the subjectivity of the traditional vulnerability
assessment methods as they do not associate rating or weighting coe�cients. Thus, the use K-means
cluster analysis con�rmed the advantage of applying data mining techniques in the assessment of
groundwater vulnerability in detrital aquifers.
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Figures

Figure 1

Location map of the “AlluvialesJarama-Tajuña” aquifer showing the locations of weather stations
and water quality monitoring wells (coordinates in UTM Zone 30N).
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Figure 2

(a) Geological map of the study area. Redrawn and modi�edafter Instituto Geológico y Minero de España -
IGME- (1984) and Mostaza (2019). Locations of Vertical Electrical Sounding (VES) pro�les are indicated.
(b) Lithological sections from VES interpretation (Bardají et al. 1990)
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Figure 3

DRASTIC method maps. (a) Depth to water table, (b) Netrecharge , (c) Aquifer media , (d) Soil type , (e)
Topography , (f) Impact of vadose zone , (g) Hydraulic conductivity 

Figure 4

Vulnerability index map of DRASTIC, showing nitrate concentration ranges at wells location
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Figure 5

GOD method maps. (a) Depth of watertable (D), (b) lithology (O), (c) Vulnerability index map of GOD,
showing nitrate concentration ranges at wells location
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Figure 6

AVI method maps. (a) Hydraulic resistance, (b) Vulnerability index map of AVI, showing nitrate
concentration ranges at well location
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Figure 7

K-means parameters maps. (a) Depth to water table, (b) Netrecharge ,(c) Hydraulic conductivity, (d) Vertical
hydraulic conductivity on unsaturated zone, (e) Aquifer thickness, (f) Land use 

Figure 8
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Vulnerability map by K-means cluster analysis. Information on nitrate concentration (range and location) is
included.

Figure 9

Percentage of area with low, moderate, high and very high vulnerability related to each applied assessment
method and percentage of samples in nitratecontamination range classes
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