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The proliferation of illegal landfills (IL) has a negative impact, especially for ecologically sensitive areas or
those attractive for tourists. This research focuses on the drivers of the IL spatial distribution in archipe-
lagic environments for mapping the IL potential occurrence. 286 and 153 illegal landfills localizations
were identified through fieldwork in the islands of Gran Canaria (GC) and La Palma (LP), respectively.
The characterization of IL was carried out from a set of features (177) such as: waste type, control and
surveillance, socioeconomic, accessibility, distance to elements of interest, visibility and physiographic.
Feature selection was performed using the Discriminant Analysis technique (DA). The DA model selected
10 and 9 features for GC and LP, respectively. The GC IL potential occurrence was mainly related to the
greenhouse density, type of cadastral plot and distance to the coast. For the case of LP, the following fea-
tures were selected: population density, distance to natural protected areas, distance to urban areas,
slope and Normalised Difference Vegetation Index (NDVI). Different potential illegal landfill occurrence
maps were obtained: (i) likelihood of occurrence of IL; and (ii) areas potentially affected by IL, based
on the application of ROC (Receiver Operating Characteristics) curves and success rate. ROC was equal
to 0.973 and 0.979 in LP and GC, respectively. Success rate was equal to 81.58% considering an affected
area of 21.95% in LP, whereas success rate was equal to 87.32% in GC considering 20.10% affected area.

� 2019 Elsevier Ltd. All rights reserved.
1. Introduction

The proliferation of illegal landfills (IL) is a major environmental
problem for many countries. According to the report by the Euro-
pean Union Action to Fight Environmental Crime (EFFACE), the
total amount of IL in the European Union (EU) is of 12,628, adding
2,871,186 t of waste (Watkins, 2015). Most European countries are
affected by the presence of IL within their territory, with the excep-
tion of Denmark, Lithuania and Luxembourg, the most affected
countries being Slovakia (3542 t), Croatia (1982 t) and Romania
(1410 t) (Fig. 1A). Following EFFACE (Watkins, 2015), the whole
of the EU have relatively low occupation densities of IL per km2,
such as Malta as the most alarming case, possibly due to its status
of island. However, the amount of illegally dumped waste is high
for nearly all the countries linked to the EU (Fig. 1B). Poland with
371,119 t, Germany with 345,154 t and Italy with 332,903 t are
the countries with the highest amount of tons of illegal waste
within their territory (Watkins, 2015). Nevertheless, relatively
speaking, less populated eastern countries stand out, such as
Bulgaria (12,273 t per 1 M inhabitants), Romania (11,664 t per
1 M inhabitants) and Lithuania (10,511 t per 1 M inhabitants).
Spain and Italy stand out as well, as they exceed more populated
countries such as France and the United Kingdom (Watkins,
2015). There are many reports, which alert on the IL costs. The
UK Environment Agency estimated in 100–150 million pounds a
year the localization and cleaning cost of IL in the United Kingdom
(Ichinose and Yamamoto, 2014). The Department of Environment
and Heritage Protection of the Local Government of Queensland
(Australia), with a population of 4,546,200 inhabitants
(Australian Bureau of Statistics, 2014), collected 9300 tons of waste
between 2011 and 2012, with an approximate management cost of
6.2 million dollars ($670 per t) (Glanville and Chang, 2015b). The
occurrence of IL is also a problem for the local communities of
the United States (EPA, 1998). For instance, according to the Penn-
sylvania Department of Transportation, the cost of annual tax on
waste clean-up of IL is of about 10.1 million dollars ($835 per t)
(PPRC, 2016).

The proliferation of IL generates impacts such as the deteriora-
tion of local landscapes (Ichinose and Yamamoto, 2011), air pollu-
tion (Bridges et al., 2000) and aquifer pollution (Monteiro Santos
et al., 2006) or the increase of risk for human health. Moreover,
IL have an influence on the economies of the affected areas, reduc-
ing the returns of the touristic operations and incurring in high
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Fig. 1. Illegal landfills in the European Union. (a) Number of illegal landfills (b) Amount of illegal waste. Created from EFFACE (2015).
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reparation costs which may consume up to 30% of some budgets of
local administrations (Abd-EL Monse, 2015; Calò and Parise, 2009;
Chu et al., 2013; Ichinose and Yamamoto, 2011; Jones, 2008; Matos
et al., 2012; Matsumoto and Takeuchi, 2011; Mohee et al., 2015;
Notarnicola et al., 2004). Some countries have started to revise
their regulations on IL in response to this situation and are intro-
ducing more restrictive laws and penalties for waste crime. The
Directive on Environmental Responsibility with Relation to the
Prevention and Reparation of Environmental Damages (EC, 2004)
establishes that waste must be managed, thus being collected,
transported, recovered and eliminated. Moreover, this directive
requires that measures be taken which prevent and evaluate envi-
ronmental damages, which contribute to plan their repair. The EU
in its Directive related to Waste (EC, 2008) defines a landfill as a
site to eliminate waste which is intended for waste store in surface
or underground. The Directive on the Landfill of Waste (EC, 1999)
establishes the standards and requirements for landfill exploita-
tion. However, neither directive define the term ‘‘illegal landfill”
directly. Accordingly, the regions of Spain (NUTS 2) have agreed
to define as IL those surfaces affected by disposal sites, without
any type of management or control, which for a time over two
years present an extension over 2000 m2.

The increase in waste generation is usually related to economic
and demographic growth, high industrialization and improve-
ments in the standards of living (Kothari et al., 2014). Kim et al.
(2008) found that the increase of 1% on the price of waste deposit
meant an increase of 3% in the number of IL localised. Various
authors have supported that a better understanding of the specific
components which have an influence on the IL patterns in a region
improves the effectiveness of waste management and reduces the
impacts derived from the growth of IL (Glanville and Chang, 2015a;
Matos et al., 2012). Therefore, the predictive modelling and the
mapping of those areas of IL potential occurrence can be essential
in the prevention and diagnosis of the situation of IL (Tasaki et al.,
2007; Biotto et al., 2009; Jordá-Borrell et al., 2014). These initia-
tives are limited by the lack of IL inventories or official statistics
(Jordá-Borrell et al., 2014), which has provoked that IL have been
hardly studied. Some countries have created their own databases
to solve this information need: the National Registry of Illegal
Landfills in Slovenia (Ekologi brez meja, 2011); the BASOL database
created in 1994 by the Ministry of Ecology and Sustainable Devel-
opment (French Agency for the Ecology and sustainable Develop-
ment); or the IL identification programs of Italy, the Veneto
region (Biotto et al., 2009) and the Region of High Altamura
(Uricchio et al., 2010). There are also examples of collaborative
mapping in the identification of IL in New Spirit (East St. Louis,
IL, USA) (EPA, 1998) or citizens’ initiatives like the Trashout soft-
ware application (Trashout nf., 2018).

The studies on landfills focus both on the multi-criteria analysis
for the localization of new sites of legal landfills (Abd-EL Monse,
2015; Alexakis and Sarris, 2013; El Maguiri et al., 2016; Gbanie
et al., 2013; Premalatha et al., 2014) and the characterization and
modelling of IL. Both approaches integrate Geographical Informa-
tion Systems (GIS) and the application of multivariate statistical
techniques. The occurrence of IL has been approached from the
identification of affected areas (i.e. remote sensing) (Doak et al.,
2007; Jones, 2008; Kim et al., 2008; Mohee et al., 2015; Salleh
and Tsudagawa, 2002; Silvestri and Omri, 2008; Uricchio et al.,
2010); the identification of the drivers (Biotto et al., 2009; Jordá-
Borrell et al., 2014; Keser et al., 2012; Matos et al., 2012;
Matsumoto and Takeuchi, 2011; Tasaki et al., 2007) or the predic-
tion of IL potential areas (Biotto et al., 2009; Chu et al., 2013;
Glanville and Chang, 2015b; Lucendo-Monedero et al., 2015;
Tasaki et al., 2007). This work has a double approach: the applica-
tion of multivariate analysis techniques to the mapping of IL
potential occurrence and the characterization of the physical and
socioeconomic features which control the occurrence of IL on
island environments. There are two unpublished study cases: the
case of the island of La Palma (LP) and the case of the island of Gran
Canaria (GC). Different factors affect the waste management in
both islands: (i) high population densities; (ii) mass tourism; (iii)
significant urban growth; (iv) intense farming activity; (v) limited
number of treatment infrastructures; and, (vi) the lack of citizen
awareness. As far as the authors are concerned, it is the first time
that in a single study of IL the following are integrated: methods
such as discriminant analysis (DA), the consideration of areas
non affected by landfills or of negative occurrence in the construc-
tion and validation of the models and mapping of potential areas
(Carranza et al., 2008), as well as the evaluation of the mapping
accuracy from the ROC (Receiver Operating Characteristic) analysis
and the success rates as a method to distinguish between potential
areas of positive and negative occurrence. Finally, this research
goes into detail about the drivers of the IL spatial distribution in
archipelagic environments with the aim of improving the develop-
ment of prevention and damage repair policies.

2. Study area

This paper focuses on LP and GC, both islands of the Canary
archipelago (Fig. 2). The Canary Islands make up one of the 17



Fig. 2. Study area. Agricultural plastic (AP), mining and extraction activity (MEA), construction and demolition waste (CDW), urban waste (UW), industrial waste (IW), end-
of-life vehicles (ELV), end-of-life tyres (ELT), organic matter (OM).

508 L.C. Quesada-Ruiz et al. /Waste Management 85 (2019) 506–518
Spanish autonomous regions, and these are considered as an outer-
most region of the European Union. LP and GC are the third and
fifth islands in terms of extension, with 708.3 km2 and 1560 km2,
respectively. The maximum elevation of LP and GC is of 2426 m
and 1949 m, respectively. After Tenerife (891,111 inhabitants),
GC was the second most populated island in 2016 (845,195 inhab-
itants), and LP (84,486 inhabitants) being the fifth one (INE, 2016).
The average air temperature values per year in LP and GC depend
on the terrain and vary from 20 �C to 21 �C in those areas at sea
level to values lower than 10 �C and 12 �C in the most elevated
zones of LP and GC (AEMET, 2012). Rainfall distribution between
windward high areas (1400 mm) and the downwind coast
(100 mm) is very unequal. The geomorphology of the Canary
Islands is related to volcanic activity. LP, with a high aspect ratio,
runs north-south and comprises two volcanic areas separated by
a valley: the extinct volcanic ridge of the north shield, with an
ample network of deep ravines, and the meridional volcanic ridge,
the latter being the most active volcanic region on the Canary
Islands. GC has a circular shape, with a diameter of approximately
45 km, and has a radial network of deep ravines and canyons, and a
mountainous inland area (Troll and Carracedo, 2016).

The vascular flora comprises 1995 species, 511 of which are
endemic (GOBCAN, 2014). Different plant communities can be dis-
tinguished on the grounds of their altitudinal distribution and
physiognomy: coastal scrub, thermophilic forests, green bush or
laurisilva, pine forest and summit scrub. The Canary archipelago
has 146 natural protected areas which represent 40% of the archi-
pelago’s surface, 4 of them among the 15 national parks of Spain
(GOBCAN, 2014; MAPAMA, 2015). Both LP and GC have been cate-
gorised as Biosphere Reserves by UNESCO. This extent the whole of
the island of LP and includes the Caldera de Taburiente National
Park and 40% of the island of GC, with 33 different categories of
protected areas.

The population density of the Canary archipelago is fairly high
in comparison with the rest of Spain, 284.46 inhabitants/km2 and
91, 95 inhabitants/km2, respectively. In GC the population density
is even higher (543.45 inhabitants/km2) and in LP is noticeably
lower (122.16 inhabitants/km2). The population in GC is concen-
trated in the coastal areas, where, in turn, the capital city is loca-
lised, while the inland part is depopulated. In LP, the population
in the north and northwest is much lower as they are geographi-
cally isolated. Most of the population lives in the west, where the
economic centre and greater amount of touristic resorts of the
island are. However, it is in the capital city, which is in the east,
where the administrative headquarters and the most important
historical-touristic centre of the island are.

The Canary Islands are the eight region in Spain in terms of their
GDP. However, it is one of the regions with the highest unemploy-
ment rate (25%; INE, 2016) and it is two places above the bottom in
terms of their income per capita (19,900 €; INE, 2016). The eco-
nomic activity of LP and GC has tourism as a major driver of eco-
nomic development (Cruz et al., 2011), which has boosted the
building sector. The commercial activity is equally important in
GC, particularly around the port, and it is much lower in LP. There
is a small industrial sector in GC, focused on agri-food production,
light manufacturing and cement (Hernández Torres, 2003). The
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touristic activity in GC is mainly beach tourism (Cruz et al., 2011),
being concentrated in the south of the island, receiving 4,223,679
visitors in 2016 (http://estadisticas.tourspain.es). In contrast, LP
offers a touristic activity focused on rural tourism, hiking, adven-
ture sports and health (Hernández Rodríguez, 2006), with a lower
number of visitors (167,838 visitors) (http://estadisticas.tourspain.
es). Agriculture is still important in some rural districts of GC,
although to a lesser extent than years ago. The most important
crops are banana irrigated intensive and tomato from greenhouses
for export. In LP, there is a high specialization in banana crops, but,
unlike GC, the intensity and cultivation under plastic (green-
houses) is dramatically lower (Morales Matos and Macias
Hernández, 2003).

The Canary Islands is a reduced and fragmented territory where
space is scarce, which is a fact that limits land availability for the
creation of authorised landfills and other management infrastruc-
tures (GOBCAN, 2008, 2015). The distance, with respect to the
main treatment and valorisation centres of the collected materials
increases the costs and makes it difficult to manage that waste
which cannot be treated on the islands. Nevertheless, the Canary
Islands has 9 environmental complexes, 9 transfer plants and
waste facilities on each of the islands. There is one environmental
complex and 4 waste facilities in LP, while there are 2 environmen-
tal complexes, 2 transfer plants and 8 waste facilities in GC. Despite
the availability of these infrastructures for waste treatment and
management, these are not enough to satisfy the demand of waste
deposit.

Fig. 2 shows 43.13% of the IL cases located on LP are building
and demolition landfills against 52% of IL of this type located on
GC, followed by 43 locations (LP:28.10%) and 60 locations
(GC:20.97%) with waste derived from mining or extractive activi-
ties, soil break-up mainly. Twenty-seven (LP: 17.68%) and
twenty-eight (GC: 9.79%) locations are mainly linked to urban
waste. In GC, the prevalence of IL with plastic from agriculture is
higher, with 38 locations (13.28%) against only 2 locations in LP.
IL of other types are comparatively few for both islands: industrial
(LP: 2.61%; GC: 2.09%); organic matter (LP: 1.96%; GC: 1.40%); end-
of-life tyres (GC: 0.35%); end-of-life vehicles (LP: 0.65%; GC: 1.05%).
3. Materials and methods

3.1. Field work

The location of IL was made in three stages: (i) identification of
potential IL through the photointerpretation of orthophotogra-
phies with spatial resolution of 0.5 m of the years 2012 and
2015; (ii) On-site inspection of 215 (LP) and 387 (GC) potential
locations; (iii) filtering of illegal IL with deposits of less than
2 years of age, finally obtaining 153 (LP) and 286 (GC) locations
of IL. To each IL location information related to waste type, degree
of accessibility, fencing, access control and existence of deterrents
was added (Quesada-Ruiz et al., 2018).
Table 1
Feature subset used for the mapping of IL potential occurrence in Gran Canaria or La Palm

Short name Long name Unit of mea

C_TYPE Cadastral plot type
D_ARCC Impervıous cover transition densıty (1990–2012) km�2

D_BUIL Buıldıngs densıty km�2

D_GRHO Greenhouse densıty km�2

D_ROAD Road density km�2

E_AGAR ED to agricultural areas m
E_COAS ED to coast m
E_GRZO ED to green zones m
E_INAR ED to industrial areas m
In order to apply the DA and with the aim of distinguishing
areas of positive and negative occurrence of IL, the sampling was
supplemented by the inclusion of locations non affected sites fol-
lowing the methodology described by (Carranza et al., 2008). To
that end, a stratified random sampling was applied fulfilling the
following conditions: (i) dissimilarity in the multivariate informa-
tion with the locations of IL (ii) distances over 1594 m (LP) and
1088 m (GC) to locations of IL on the basis of the analysis of closer
distances between the IL, (iii) equal number of areas of negative
and positive occurrence (e.g., Breslow and Cain, 1988; Schill
et al., 1993). The areas of positive and negative occurrence were
codified as 1 s and 0 s, respectively, resulting a total of 302 (LP)
and 572 (GC) cases. A training subset and test subset were gener-
ated with 75% and 25% of the cases, respectively.
3.2. Feature extraction

As in other works (Biotto et al., 2009; Alexakis and Sarris, 2013;
Tasaki et al., 2004, 2007; Doak et al., 2007) the starting point has
been a series of specialised features of different types: socioeco-
nomic features like income per capita, population, economic indi-
cators, industrial and of touristic activity indicators; management
indicators, as waste type, degree of access, accessibility, security
and control; finally, land features, such as elevation and slope.
From this initial set of features a subset of derived features was
extracted by means of the application of different GIS analysis pro-
cedures (Demesouka et al., 2014; Kontos et al., 2005; S�ener et al.,
2010; S�ener and Karag, 2011; Uyan, 2014; Akbari and Rajabi,
2017). Hence, new features were obtained (Table 1) from: the
interpolation of the socioeconomic information disaggregated by
population centres from the rest of the territory, the application
of Euclidean distance (ED) criteria between the location of the IL
and the features of interest (Tasaki et al., 2007; Biotto et al.,
2009; Jordá-Borrell et al., 2014), the calculation of the densities
of the elements of interest through the application of kernel func-
tions (Silverman, 1986) and other searching functions based on
distances considering different radiuses (250 m, 500 m, 1500 m)
and the extraction of features related with land occupation consid-
ering both the calculation of densities and the distance to a given
land use. Finally, the normalised difference vegetation index
(NDVI) was obtained from a SPOT-5 image of 31st August 2014
(Silvestri and Omri, 2008). Each feature was standardised, ras-
terised and resampled at a spatial resolution of 10 m. The values
of all the above mentioned features were extracted for the loca-
tions of positive and negative IL occurrence.
3.3. Multivariate analysis

To predict IL potential occurrence, both 0s and 1s were used in
the DA, and the features which determine the appearance of 1s
against 0s were identified. The independent features which are
necessary to reach the best discrimination among areas of positive
a.

sure Short name Long name Unit of measure

E_PRAR ED to natural protected areas m
E_RAVI ED to clıffs m
E_ROAD ED to roads m
E_SPOI ED to sport infrastructures m
E_URAR ED to urban areas m
P_NDVI NDVI index Unitless
P _SLPE Slope %
H_DPPA Population density km�2

http://estadisticas.tourspain.es
http://estadisticas.tourspain.es
http://estadisticas.tourspain.es


Table 2
Discriminant Analysis model. La Palma.

Canonical discriminant
function coefficient

Standardised canonical discriminant
function coefficient

D_ROAD �0.030 �0.555
E_GRZO �0.027 �0.472
D_ARCC �0.015 �0.294
E_AGAR 0.015 0.207
P_SLPE 0.015 0.214
P_NDVI 0.016 0.280
H_DPPA 0.049 0.282
E_URAR 0.033 0.474
E_PRAR 0.029 0.574

Constant �1.641
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occurrence and negative occurrence were determined by using the
forward step-wise regression method. This model with fewer vari-
ables was compared to the model which uses all the features
through the analysis of ROC curves (see Section 4.2). The standard-
ised coefficients together with the centroids of the LP discriminant
function (0s:1.634; 1s:�1.634) and that of GC (0s: 1.387;
1s:�1.387) were used to determine the magnitude and the sign
of the relations between the features and the occurrence of IL.
The canonical discriminant function for each island was built as a
linear combination of the independent features chosen to distin-
guish between both sets (Huberty, 1994):

D ¼ cþ b1 � x1 þ b2 � x2 þ . . .bn � xn

where D is the discriminant score, c is a constant, b is the coefficient
of the canonical discriminant function and x is the independent
feature.

The suitability of DA was evaluated on the basis of the eigen-
value, the canonical correlation and the Wilks Lambda statistic,
obtaining values of 2.694 and 1.932; of 0.854 and 0.812; and of
0.271 and 0.341 for LP and GC, respectively. The models obtained
for both islands were statistically significant at a confidence level
of 99%. The discriminant function for each island was applied from
the set of selected features in a GIS environment to obtain the map-
ping of the IL potential occurrence of each island.

3.4. Assessment of the accuracy of the applied model

A ROC analysis was carried out from the test subset to evaluate
the performance of the global and forward step-wise DA models.
The ROC curves consider the ratio of true positives (TPR) and the
ratio of false positives (FPR). Generally, the FPR is represented on
the x axis against the TPR, which is represented on the y axis.
The results are apparent in a pair (TPR, FPR) also known as ‘‘sensi-
tivity (TPR)” and ‘‘specificity (1-FPR)”. The Area Under the Curve
(AUC) was used to determine the accuracy of the DA models. A
value of AUC of 1 is considered perfect and a value of AUC equal
to 0.5 is considered as a random guessing (Bradley, 1997).

In order to transform the mapping of IL potential occurrence
(continuous feature) into a categorical map of affected and non-
affected areas a method based on the success rate was applied. It
is important not to overestimate the potential areas of IL potential
occurrence, as the costs of activation and application of prevention
measures before possible landfilling may be very high. The success
rate is defined as the percentage of the test subsample of IL out-
lined correctly within the IL potential occurrence areas (ratio of
true positives; TPR), considering different thresholds of affected
area (Agterberg and Bonham-Carter, 2005). The thresholds of per-
centages of potential occurrence areas were classified from the dis-
criminant scores and their value, with respect to the centroids.
According to the success rate, different binary maps of IL potential
occurrence were proposed, with the aim of quantifying the accu-
racy of the identification of IL minimizing the affected area.
4. Results

4.1. Discriminant analysis

The DA model of LP explained 100% of the variance of the data
from the 9 selected features of the initial 22 (Table 2). The features,
which according to the standardised coefficients had a more
important contribution, were: distance to population centres,
density of communication routes, distance to green1 zones and
1 For interpretation of color in Fig. 3, the reader is referred to the web version of
this article.
distance to agricultural areas (Fig. 3). Therefore, the greater the den-
sity of communication routes, the smaller the score in the discrimi-
nant function, and, consequently, a greater tendency towards the
fact that an area of the map be predicted as having a high IL potential
occurrence according to the value of the canonical discriminant
score. The feature E_GRZO showed a negative coefficient. With rela-
tion to the centroids of the set, for cases with equal scores in the rest
of features, the areas which obtained a smaller value in the E_GRZO
feature would have a greater score in the discriminant function and
would be predicted as 0s. In contrast, the E_AGAR feature showed a
positive coefficient. Therefore, the areas with a smaller value in the
E_AGAR feature and equal score in the rest of features, would have a
smaller score in the discriminant function and would be predicted as
1s.

The IL of LP presented a smaller distance to agricultural and
urban areas. The E_PRAR feature was introduced in the DA model.
However, there is no cause-effect relationship with the occurrence
of IL. Its inclusion could be due to the multiple areas and the fact of
almost the whole island being a natural protected area. Neverthe-
less, the same does not happen with the E_GRZO feature, which
could be seen as a feature which, once its value is diminished, inhi-
bits the occurrence of IL. Hence, the DA tended to predict the areas
with less vegetation (P_NDVI) and slope as IL occurrence. On the
other hand, the locations that combine high land cover transition
densities, high communication route densities and low values of
population density could take place at a higher IL potential
occurrence.

The DA model of GC (Table 3) showed that 100% of the data
variance was explained by 10 features selected from the 25 initial
features. The features that according to the standardised coeffi-
cients had the most important contribution were: distance to the
coast, greenhouse density, distance to industrial areas, building
density and transition to artificial surfaces between the years
1990 and 2012. Therefore, the smaller the distance to the coast,
the smaller the score in the discriminant function, and, conse-
quently, a greater tendency to predict a high IL potential occur-
rence. The D_GRHO feature showed a negative coefficient.
Additionally, if centroids were considered the areas which
obtained a smaller value in the D_GRHO feature would have a
greater score in the discriminant function and therefore, would
be predicted as 0s (see Section 3.3). The IL showed a smaller dis-
tance to roads, urban and industrial areas, and a greater distance
to natural protected areas. On the other hand, the DA tended to
predict as the greater IL potential occurrence, urban cadastral sur-
faces, areas close to sport facilities, and the areas with the highest
building densities and land cover transitions to artificial surfaces
between the years 1990 and 2012 (Fig. 7A). It is worth mentioning
that socioeconomic features such as income per capita did not turn
out to be decisive in the DA of both islands, and might be due to the
level of municipal aggregation of the statistics on incomes.

As a result of the application of the canonical discriminant func-
tions for each DA model, the IL potential occurrence maps were



Fig. 3. Main features selected by the Discriminant Analysis method for the mapping of IL potential occurrence in La Palma. (a) Density of road network. (b) Urban areas. (c)
Population density (d) Distance to agricultural areas (e) Distance to protected areas (f) Normalized Difference Vegetation Index (NDVI).

Table 3
Discriminant Analysis model. Gran Canaria.

Canonical discriminant
function coefficient

Standardised canonical
discriminant function
coefficient

D_GRHO �0.042 �0.416
C_TYPE �0.01 �0.368
D_ARCC �0.017 �0.197
E_PRAR �0.025 �0.195
E_URAR 0.020 0.205
E_SPOI 0.017 0.200
E_ROAD 0.089 0.267
D_BUIL 0.034 0.231
E_INAR 0.006 0.157
E_COAS 0.027 0.487

Constant �1.019
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obtained (Fig. 4). Fig. 5A shows the IL potential occurrence map in
LP. The areas with a higher IL potential occurrence were located in
nearly the whole coastline, in the east sector and in the central area
of the west sector of the island, these areas corresponding to the
areas with the highest population density (Fig. 3C). On the other
hand, the zones corresponding to natural protected areas
(Fig. 3E) showed a low or very low IL potential occurrence.
Fig. 5B shows the IL potential occurrence in GC. As with LP, the
areas with a greater IL potential occurrence are located on the
coastline. However, there is a greater potential on those zones
close to the east communication axe and on the zones with greater
agricultural activity under plastic of the southeast, west and north-
east (Fig. 4E).
4.2. Accuracy of the IL potential model

Fig. 6 shows the result of the ROC analysis considering the TPR
and FPR for the DA models (global and step-wise). In both cases,
the reduction of the feature space through the application of a
step-forward algorithm had a performance similar to the global
model. In the case of GC (Fig. 6A) the AUC values for the step-
forward DA model was of 0.973 and for the global model, 0.979.
In the case of LP (Fig. 6B) the AUC values for the step-forward DA
model was of 0.967 and for the global model, 0.966. For both
islands, the step-forward model was chosen as it reduces the num-
ber of features, improving its interpretability while keeping its
accuracy (Figs. 6 and 7).

The success rate was computed to evaluate the suitability in the
selection of the threshold values in obtaining a binary map of pos-
itive and negative occurrences. Fig. 7A and B show the success rate
of the estimation of areas of IL potential occurrence with relation
to the test sample. If 21.95% of the affected area in LP was to be
considered, a success rate of 81.58% would be obtained, while if
20.10% was to be considered, the success rate would be of
87.32% in GC. Figs. 8 and 9 show the maps of affected areas consid-
ering different success rates. The areas with greater IL potential are
mainly located in the east, west and south sectors of LP, coinciding
with the areas of greater urban and agricultural development. On
the other hand, the high IL potential in GC occurs in the coastal belt



Fig. 4. Main features selected by the Discriminant Analysis method for the mapping of IL potential occurrence in Gran Canaria. (a) Density of cover transition to impervious.
(b) Urban areas. (c) Density of buildings. (d) Distance to industrial areas (e) Density of greenhouses (f) Distance to protected areas.
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and close to population centres. However, there was a higher
potential in the northwest, east and southeast of the island.
5. Discussion

The IL have been researched in continental territories mainly
such as: Germany and Austria (Allgaier and Stegmann, 2006), Aus-
tralia (Glanville and Chang, 2015b), Slovenia (Matos et al., 2012),
peninsular Spain (Jordá-Borrell et al., 2014; Lucendo-Monedero
et al., 2015), Greece (Alexakis and Sarris, 2013), Italy (Biotto
et al., 2009; Silvestri and Omri, 2008)), Ireland (Doak et al.,
2007), Romania (Alexakis and Sarris, 2013), Serbia (Zelenović
et al., 2012), Vietnam (Duc Luong et al., 2013), but ignoring the
islands. Most of those studies are focused on the location or the
analysis of their occurrence (Biotto et al., 2009; Glanville and



Fig. 5. Map of illegal landfill potential occurrence in a) La Palma and b) Gran Canaria.
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Chang, 2015a; Jordá-Borrell et al., 2014; Lucendo-Monedero et al.,
2015; Silvestri and Omri, 2008). However, the works focusing on
islands are scarce, among which the characterization of IL in Great
Britain (Liu et al., 2018), the study of the impact of population
habits in the proliferation of IL in Japan (Matsumoto and
Takeuchi, 2011) and the analysis of the occurrence of IL in Taiwan
(Chu et al., 2013) stand out, being very different territories to the
Canary Islands in terms of extension and socioeconomic features.
There are numerous socioeconomic and environmental features
in the Canary Islands, such as high population density, relative iso-
lation, surface unavailability and scarcity of human and financial
resources, that have had a negative impact on waste management
(UNEP,1998). These features together with their high ecological
and touristic values, make it necessary to adopt initiatives which
allow to reduce those impacts. Hence, the analysis and characteri-
zation of the IL is essential to identify those human activities
related to waste generation, especially those involved in the
deposit of illegal long-lived waste. The mapping of the IL potential
occurrence has been tackled from two different perspectives: the
stochastic model of data through a multicriteria analysis (Biotto
et al., 2009; Chu et al., 2013; Matos et al., 2012), and the applica-
tion of multivariate statistical methods to generate mechanistic
models from data-based learning, such as binary logistic regression
and PCA (Jordá-Borrell et al., 2014; Lucendo-Monedero et al., 2015;
Quesada-Ruiz et al., 2018). The latter allow to identify the features
related to their appearance. Tasaki et al. (2007) and Jordá-Borrell
et al. (2014) used PCA to select the features related to the appear-
ance of IL from the location of the existent IL. Unlike previous
works, we propose to use DA to identify causal relationships
between the explanatory features and the occurrence of the illegal
landfills for the first time, given most techniques which have been
applied so far only allow to identify associations between features.

All previous studies identified population and distance to ele-
ments of interest as the distance to industrial zones as determining
factors. In other works, authors emphasised the relationship
between the proliferation of IL and the absence of waste treatment
facilities, (Jones, 2008; Kim et al., 2008; Matos et al., 2012;
Matsumoto and Takeuchi, 2011; Mohee et al., 2015; Tasaki et al.,
2007; Uricchio et al., 2010) or low accessibility to them (Matos
et al., 2012; Matsumoto and Takeuchi, 2011; Renou et al., 2008;
Salleh and Tsudagawa, 2002; Tasaki et al., 2007; Uricchio et al.,
2010); and the cost of legal waste deposits (Ichinose and
Yamamoto, 2011; Liu et al., 2018; Tasaki et al., 2007). This research
suggested the existence of a relationship between waste genera-
tion from building and demolition due to the urban sprawl and
housing bubble of the first decade of the 21st century, given spatial
relationships are observed between spaces with high cover transi-
tions and the occurrence of IL. As far as the authors are concerned,
there is no other instance, at least in Europe, in which house build-
ing has reached the levels it has reached in Spain (Díaz Parra and
Romano, 2016; Cruz, 2014; Fernández-Tabales and Cruz, 2013).
In the case of the Canary Islands, this problem worsens due to
the joint development of the house market and the touristic mar-
ket (Garcia-Cruz, 2016). Similarly, our study identified distance
to urban areas as a relevant feature for the identification of IL
potential occurrence areas in LP and GC. However, the features
related to communication routes, both distance and density, had
more importance in studies focused on Slovenia (Matos et al.,



Fig. 6. ROC curves. (a) Gran Canaria (b) La Palma. Dotted line: Global method.
Continuous line: Forward Method.

Fig. 7. Success rate. (a) Gran Canaria (b) La Palma. Dotted line: Global method.
Continuous line: Forward Method.
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2012) and the northeast of Italy (Biotto et al., 2009), probably due
to a higher accessibility of the Canary Islands. Socioeconomic fea-
tures such as rustıc property tax, income per capita, wholesale
trade index, economic activity index or industrıal index, were not
as relevant as other studies: Tasaki et al. (2007) and Matsumoto
and Takeuchi (2011) where the unemployment rate in Japan was
used; Jordá-Borrell et al. (2014) who used the income per capita
in Andalusia (Spain SE); and Gorsevski et al., (2012) and Al-
Khatib et al. (2007) who associated the municipal income rate with
the higher occurrence of IL in Turkey. These differences might be
due to the geographic scale and to the disaggregation of official
socioeconomic information into local administrative units
(NUTS3). Unlike the studies by Tasaki et al. (2007), Matsumoto
and Takeuchi (2011), Jordá-Borrell et al. (2014), Gorsevski et al.
(2012) and Biotto et al. (2009), land orography and the distance
to the coast were determining features, as they allowed to remove
the inaccessible areas from both islands. The NDVI allowed to
remove inaccessible forest areas from the island of LP. On the other
hand, the analysis of the GC case showed the need to consider the
features of the agricultural holdings and their potential to generate
certain waste types as plastics in greenhouses. The feature ‘‘dis-
tance to agricultural zones” was of greater relevance due to the
smaller presence of this type of agricultural holdings in LP. Further-
more, the influence of the features related to population are of
greater importance in LP, due to the smaller demographic and
building pressure, the lower accessibility and the greater presence
of forest areas and natural protected areas. In contrast, the occur-
rence of IL on the island of GC is more influenced by the transition
among covers and the distance to industrial areas due to the pro-
cess of urban sprawl and the greater economic activity of GC’s
coastal belt.

IL potential occurrence has been measured on the basis of the
score obtained by fulfilling different criteria (multicriteria analysis;
Biotto et al., 2009; Matos et al., 2012) and the likelihood of landfill
occurrence on the basis of linear relationships established by mul-
tivariate regression (logistic regression; Lucendo-Monedero et al.,
2015). The former does not consider the negative occurrences
(no landfills) in the modelling, being possible for the affected areas
to be overestimated. The latter considers both positive and nega-
tive occurrences, obtaining continuous potential values between
0 and 1. However, it is frequent to assign an arbitrary potential
threshold value of 0.5 to differentiate between areas which are
potentially affected and not affected. There are alternatives to the
arbitrary choice of the potential threshold such as the ROC curves
analysis where the balance between false positives (overestima-
tion) and false negatives (underestimation) is sought (Chu et al.,
2013; Rodriguez-Galiano et al., 2014; Tasaki et al., 2007). Addition-
ally, in this work the use of the success rate was proposed as a
complementary method to ROC to differentiate affected areas max-
imizing the accuracy of positive occurrences while minimizing the



Fig. 8. Illegal landfill potential occurrence maps considering different affected areas’ thresholds in La Palma. (a) 10.99%. (b) 16.98% (c) 21.95%. (d) 23.58%.
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affected area. This might be an alternative to applying arbitrary
thresholds such as those used by Biotto et al. (2009) and
Lucendo-Monedero et al. (2015). This method has been success-
fully applied to mineral prospective studies (Carranza et al.,
2008; Rodriguez-Galiano et al., 2015), where, as it is the case of
our study, it is not only important not to underestimate the
affected area, but also not to overestimate it to reduce the scouting
costs, or surveillance costs in our case.

The main limitations in the development of our methodology
relies in the lack of official statistics. An extensive and time con-
suming fieldwork was necessary. Additionally, the shortage of suit-
able socioeconomic features such as: information about the
behaviours and the degree of awareness on recycling and respect
for the environment or the relation of dumpers to the landlord of
a site on illegal landfills; limits the capabilities to understand
and model the IL occurrence. Hence, the IL modelling studies need
the generation of a comprehensive database with the aim of
including a large amount of features which are able to explain most
of data variance. This effort to include as many features as possible
involves an increase in its complexity. On the other hand, the inclu-
sion of a high quantity of similar features (i.e. distance or density
features) increases redundancy or correlation among features,
and may negatively affect the accuracy of models due to the
Hughes effect (Bellman, 2003; Rodriguez-Galiano et al., 2012,
2018). The DA method used in this study has allowed eliminating
redundant features by applying a forward algorithm. Hence, mod-
els with 10 features of 25 in GC and 9 features of 22 in LP, pre-
sented the highest accuracy and simplicity. However, all the
above mentioned models (multicriteria analysis, PCA, logistic
regression and DA) are linear methods and, therefore, unable to
recognize more complex relationships among features. Accord-
ingly, new methods based on machine learning such as Classifica-
tion and Regression Trees, Random Forest and Support Vector
Machines (Rodriguez-Galiano and Chica-Rivas, 2014) open new
lines of research in the modelling of landfills as they can be used
as wrappers for feature selection, and they are non-parametric
and non-linear methods (Rodriguez-Galiano et al., 2018).
6. Conclusions

DA allowed to select the features and the analysis of IL potential
occurrence in LP and GC. The DA model for LP reduced the feature
space from 22 to 9, among which NDVI, slope, density of commu-
nication routes, the changes in land use and proximity to urban
areas stand out. The reduction of feature space for the GC case
was of 25 to 10, among which the influence of the coastline, the
transitions in land use to artificial covers, greenhouse density,
and proximity to urban areas and distance to industrial zones
stand out. The socioeconomic features used could not be adequate
due to their level of aggregation and their low spatial variability in
both islands, with an evident need to incorporate additional infor-
mation. The areas with the highest IL potential are located in the
east and west sectors of LP and in the northwest, east and south-
east of GC, coinciding with the most developed zones, both agricul-
tural and urban, and the coastal belt and the zone of influence of
urban areas respectively. Additionally, this research suggests the
existence of a relationship between waste generation from build-
ing and demolition due to the urban sprawl and housing bubble
of the first decade of the 21st century. The ROC method allowed
to validate the maps products which discriminated between
potential and non-potential areas of IL occurrence. In the case of
LP the AUC values for the step-forward DA model was of 0.967
and for the global model, 0.966. In the case of GC the AUC values
for the step-forward DA model was of 0.973 and for the global
model, 0.979. In both cases, the step-forward DA models were
selected. The success rate, a new method for IL mapping, made it
possible to reach a balance between the accuracy in true positive
occurrences and the percentage of affected area. 81.58% and
87.32% of IL were correctly identified considering a 21.95% and
20.10% of the affected area in LP and GC, respectively.

The lack of official statistics limited the IL modelling and the
generation of a comprehensive database for this target. The waste
volume in landfills should be considered, given the presence or
absence of landfills presents limitations as IL of different magni-
tude are considered at the same level. Other aspects such as the
punitive and deterrence measures and monitoring policies play
on the part of local governments, community participation in the
prevention of IL, the degree of public awareness and their possibil-
ities to access waste treatment infrastructures, in waste generation
should be seen to complement the study of IL occurrence. Likewise,
the risk of IL for the touristic activity and natural heritage should
be assessed. In addition, more sophisticated feature selection tech-
niques such as machine learning or even the simulation of future
scenarios could be explored in future works.



Fig. 9. Illegal landfill potential occurrence maps considering different affected areas’ thresholds in Gran Canaria. (a) 10.73%. (b) 13.33% (c) 10.38%. (d) 87.32%.

516 L.C. Quesada-Ruiz et al. /Waste Management 85 (2019) 506–518
Acknowledgements

LQR is the holder of a FPU grant awarded by the Spanish Min-
istry of Education, Culture, and Sport (reference FPU14/04975).
The authors would also like to extend their gratitude to the Spanish
Statistics Institute and Cartográfica de Canarias, S.A. (GRAFCAN) for
providing the data.
References

Abd-EL Monse, H., 2015. Optimization of municipal landfill siting in the Red Sea
coastal desert using geographic information system, remote sensing and an
analytical hierarchy process. Environ. Earth Sci. 74 (1), 2283–2296. https://doi.
org/10.1007/s12665-015-4220-2.

AEMET, 2012. Atlas climático de los archipiélagos de Canarias, Madeira y Azores.
Agencia Estatal de Meteorología, Madrid.

Agterberg, F.P., Bonham-Carter, G.F., 2005. Measuring the performance of mineral-
potential maps. Nat. Resour. Res. 14 (1), 1–17. https://doi.org/10.1007/s11053-
005-4674-0.

Akbari, V., Rajabi, M.A., Chavoshi, S.H., Shams, R., 2017. Landfill site selection by
combining GIS and fuzzy multi criteria decision analysis, case study: Bandar
Abbas Iran. World Appl. Sci. J. 3, 39–47.
Al-Khatib, I.A., Arafat, H.A., Basheer, T., Shawahneh, H., Salahat, A., Eid, J., Ali, W.,
2007. Trends and problems of solid waste management in developing
countries: a case study in seven Palestinian districts. Waste Manage. 27 (12),
1910–1919. https://doi.org/10.1016/j.wasman.2006.11.006.

Allgaier, G., Stegmann, R., 2006. Old landfills in the focus of the urban land
management. Workshop on Landfill Reclamation and Remediation
Technologies (International Waste Working Group and University of Padova).
CISA Environmental Sanitary Centre, Cagliari, Italy.

Alexakis, D.D., Sarris, A., 2013. Integrated GIS and remote sensing analysis for
landfill sitting in Western Crete, Greece. Environ. Earth Sci. 72, 467–482.
https://doi.org/10.1007/s12665-013-2966-y.

Australian Bureau of Statistics, 2014. Australian Demographic Statistics.
Bellman, R., 2003. Dynamic Programming. Dover Publications, Mineola, NY.
Biotto, G., Silvestri, S., Gobbo, L., Furlan, E., Valenti, S., Rosselli, R., 2009. GIS, multi-

criteria and multi-factor spatial analysis for the probability assessment of the
existence of illegal landfills GIS, multi-criteria and multi-factor spatial analysis
for the probability assessment of the existence of illegal landfills. Int. J. Geogr.
Inform. Sci. 23 (10), 1233–1244. https://doi.org/10.1080/13658810802112128.

Bradley, A.P., 1997. The use of the area under the ROC curve in the evaluation of
machine learning algorithms. Pattern Recogn. 30, 1145–1159. https://doi.org/
10.1016/S0031-3203(96)00142-2.

Breslow, N.E., Cain, K.C., 1988. Logistic regression for two-stage case-control data.
Biometrika 75 (1), 11–20.

Bridges, O., Bridges, J.W., Potter, J.F., 2000. A generic comparison of the airborne
risks to human health from landfill and incinerator disposal of municipal solid
waste. Environmentalist 20 (4), 325–334. https://doi.org/10.1023/
A:1006725932558.

https://doi.org/10.1007/s12665-015-4220-2
https://doi.org/10.1007/s12665-015-4220-2
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0010
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0010
https://doi.org/10.1007/s11053-005-4674-0
https://doi.org/10.1007/s11053-005-4674-0
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0020
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0020
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0020
https://doi.org/10.1016/j.wasman.2006.11.006
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0030
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0030
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0030
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0030
https://doi.org/10.1007/s12665-013-2966-y
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0045
https://doi.org/10.1080/13658810802112128
https://doi.org/10.1016/S0031-3203(96)00142-2
https://doi.org/10.1016/S0031-3203(96)00142-2
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0060
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0060
https://doi.org/10.1023/A:1006725932558
https://doi.org/10.1023/A:1006725932558


L.C. Quesada-Ruiz et al. /Waste Management 85 (2019) 506–518 517
Calò, F., Parise, M., 2009. Waste management and problems of groundwater
pollution in karst environments in the context of a post-conflict scenario: the
case of Mostar (Bosnia Herzegovina). Habitat International 33 (1), 63–72.
https://doi.org/10.1016/j.habitatint.2008.05.001.

Carranza, E.J.M., Hale, M., Faassen, C., 2008. Selection of coherent deposit-type
locations and their application in data-driven mineral prospectivity mapping.
Ore Geol. Rev. 33, 536–558. https://doi.org/10.1016/j.oregeorev.2007.07.001.

Chu, T.-H., Lin, M.-L., Shiu, Y.-S., 2013. Risk assessment mapping of waste dumping
through a GIS-based certainty factor model combining remotely sensed spectral
unmixing model with spatial analysis. Latest Trends Renew. Energy Environ.
Inform., 367–372

Cruz, E., 2014. Análisis Territorial del Sector de la Construcción y la Política de
Vivienda en Andalucía Retrieved from. Universidad de Sevilla, Sevilla https://
idus.us.es/xmlui/handle/11441/39198.

Cruz, Y., Oreja Rodríguez, J., Muradas, I., Hernández, M.G., González, C.L., Padilla, J.A.,
Guillén, D., 2011. El turismo en Canarias. Gobierno de Canarias, Canarias.

Díaz Parra I. and Romano S., Andalusia, from Peripheral Urbanism to Real-State
Bubble. Hiperdevelopment of Real-State Sector as Sign of Underdevelopment,
Revista de Estudios Andaluces, 33, 2016, 40–63, https://doi.org/10.12795/rea.
2016.i33.03

Duc Luong, N., Minh Giang, H., Xuan Thanh, B., The Hung, N., 2013. Challenges for
municipal solid waste management practices in Vietnam. Waste Technol. 1
(11), 17–2117. https://doi.org/10.12777/wastech.1.1.2013.17-21.

Demesouka, O.E., Vavatsikos, A.P., y Anagnostopoulos, K.P., 2014. GIS-based
multicriteria municipal solid waste landfill suitability analysis: a review of
the methodologies performed and criteria implemented. Waste Manage. Res. 32
(4), 270–296. https://doi.org/10.1177/0734242X14526632.

Doak, M., Khan, S., Kelly, G., Silvestri, S., 2007. The use of remote sensing to map
illegal landfills at the border of Ireland/Northern Ireland. In: Proceedings of
11th International Waste Management and Landfill Symposium, Sardinia, Italy.
CISA Environmental Sanitary Centre, Cagliari, Italy, pp. 747–748.

EC, 1999. Council Directive 1999/31/EC on the landfill. Off. J. Eur. Commun. 10,
L182/1-19. https://doi.org/10.1039/ap9842100196.

EC, 2004. Directive 2004/35/CE of the European Parliament and of the Council of 21
April 2004 on environmental liability with regard to the prevention and
remedying of environmental damage. Regulation 2003 (807), 56–75.

EC, 2008. Directive 2008/98/EC of the European Parliament and of the Council of 19
November 2008 on waste and repealing certain directives. Off. J. Eur. Union, 3–
30. doi:2008/98/EC.;32008L0098.

Ekologi brez meja, 2011. Popis divjih odlagali 2011. Retrieved from <http://ebm.si/
p/register/ozadje.popisa.pdf>.

El Maguiri, A., Kissi, B., Idrissi, L., Souabi, S., 2016. Landfill site selection using GIS,
remote sensing and multicriteria decision analysis: case of the city of
Mohammedia, Morocco. Bull. Eng. Geol. Environ. 75 (3), 1301–1309. https://
doi.org/10.1007/s10064-016-0889-z.

Fernández-Tabales, A., Cruz, E., 2013. Análisis territorial del crecimiento y la crisis
del sector de la construcción en España y la Comunidad Autónoma de
Andalucía. EURE (Santiago) 39 (116), 5–37. https://doi.org/10.4067/S0250-
71612013000100001.

García-Cruz, J.I., 2016. El impacto territorial del tercer boom turístico-inmobiliario
de Canarias y sus efectos en la coexistencia de usos turísticos y residenciales
ISSN: 2385–5096 GeocritiQ, 194 http://www.geocritiq.com/2016/01/el-
impacto-territorial-del-tercer-boom-turistico-inmobiliario-de-canarias-y-sus-
efectos-en-la-coexistencia-de-usos-turisticos-y-residenciales.

Gbanie, S.P., Tengbe, P.B., Momoh, J.S., Medo, J., Kabba, V.T.S., 2013. Modelling
landfill location using Geographic Information Systems (GIS) and Multi-Criteria
Decision Analysis (MCDA): case study Bo, Southern Sierra Leone. Appl. Geogr.
36 (November 2016), 3–12. https://doi.org/10.1016/j.apgeog.2012.06.013.

Glanville, K., Chang, H.-C., 2015a. Remote sensing analysis techniques and sensor
requirements to support the mapping of illegal domestic waste disposal sites in
Queensland, Australia. Remote Sens. https://doi.org/10.3390/rs71013053.

Glanville, K., Chang, H.C., 2015b. Mapping illegal domestic waste disposal potential
to support waste management efforts in Queensland, Australia. Int. J. Geogr.
Inform. Sci. 29 (6), 1042–1058. https://doi.org/10.1080/
13658816.2015.1008002.

GOBCAN, 2008. Residuos. Informe de Coyuntura 2008. Gobierno de Canarias,
Canarias, pp. 168–185.

GOBCAN, 2014. Biodiversidad y medio natural Retrieved from. Gobierno de
Canarias, Canarias, pp. 1–27 http://www.gobiernodecanarias.org/
medioambiente/piac/descargas/Varios/CAPÍTULOS_IC_14/6_BIODIVERSIDAD Y
MEDIO NATURAL.pdf.

GOBCAN, 2015. Generación y tratamiento de residuos en Canarias. Gobierno de
Canarias Retrieved from. Gobierno de Canarias, Canarias.

Gorsevski, P.V., Donevska, K.R., Mitrovski, C.D., Frizado, J.P., 2012. Integrating multi-
criteria evaluation techniques with geographic information systems for landfill
site selection: a case study using ordered weighted average. Waste Manage. 32
(2), 287–296. https://doi.org/10.1016/j.wasman.2011.09.023.

Hernández Rodríguez, G.F., 2006. Turismo sotenible en La Palma, un territorio
reserva mundial de la biosfera. Ambienta 6267, 56–63.

Hernández Torres, S., 2003. El espacio industrial en Canarias. El tejido empresarial y
el territorio en las áreas insulares Retrieved from. Universidad de Las Palmas de
Gran Canaria, Las Palmas de Gran Canaria http://hdl.handle.net/10553/6594.

Huberty, C.J., 1994. Applied Discriminant Analysis Retrieved from. Wiley
https://books.google.es/books?id=yBTvAAAAMAAJ.
Ichinose, D., Yamamoto, M., 2011. On the relationship between the provision of
waste management service and illegal dumping. Resour. Energy Econ. 33 (1),
79–93. https://doi.org/10.1016/j.reseneeco.2010.01.002.

INE, 2016a. Estadística del Padrón Continuo Retrieved from. Instituto Nacional de
Estadística, Madrid http://www.ine.es/dyngs/INEbase/es/categoria.htm?c=
Estadistica_P&cid=1254734710990.

INE, 2016b. Movimientos turísticos en fronteras Retrieved from. Frontur, Madrid
http://estadisticas.tourspain.es/es-ES/estadisticas/frontur/
informesdinamicos/paginas/anual.aspx.

Jones, B.J., 2008. The geography of Open Dumps in Rural Appalachia. Marshall
University, West Virginia.

Jordá-Borrell, R., Ruiz-Rodríguez, F., Lucendo-Monedero, Á.L., 2014. Factor analysis
and geographic information system for determining probability areas of
presence of illegal landfills. Ecol. Ind. 37 (a), 151–160. https://doi.org/
10.1016/j.ecolind.2013.10.001.

Keser, S., Duzgun, S., Aksoy, A., 2012. Application of spatial and non-spatial data
analysis in determination of the factors that impact municipal solid waste
generation rates in Turkey. Waste Manage. 32, 352–371. https://doi.org/
10.1016/j.wasman.2011.10.017.

Kim, G.S., Chang, Y.J., Kelleher, D., 2008. Unit pricing of municipal solid waste and
illegal dumping: an empirical analysis of Korean experience. Environ. Econ.
Policy Stud. 9 (3), 167–176. https://doi.org/10.1007/BF03353988.

Kontos, T.D., Komilis, D.P., Halvadakis, C.P., 2005. Siting MSW landfills with a spatial
multiple criteria analysis methodology. Waste Manage. 25, 818–832. https://
doi.org/10.1016/j.wasman.2005.04.002.

Kothari, R., Kumar, V., Panwar, N.L., Tyagi, V.V., 2014. Municipal solid-waste
management strategies for renewable energy options. Sustain. Bioenergy Prod.,
267

Liu, Y., Kong, F., Santibanez Gonzalez, E.D.R., 2018. Dumping, waste management
and ecological security: evidence from England. J. Cleaner Prod. 167, 1425–
1437. https://doi.org/10.1016/j.jclepro.2016.12.097.

Lucendo-Monedero, A.L., Jordá-Borrell, R., Ruiz-Rodríguez, F., 2015. Predictive
model for areas with illegal landfills using logistic regression. J. Environ.
Plann. Manage. 58 (7), 1309–1326. https://doi.org/10.1080/
09640568.2014.993751.

MAPAMA, 2015. Memoria de la red de parques nacionales. Ministerio de
Agricultura, Pesca, Alimentación Y Medio Ambiente Del Gobierno de España,
Madrid.

Matos, J., Oštir, K., Kranjc, J., 2012. Attractiveness of roads for illegal dumping with
regard to regional differences in Slovenia. Acta Geogr. Slovenica 52 (2), 431–
451. https://doi.org/10.3986/AGS52207.

Matsumoto, S., Takeuchi, K., 2011. The effect of community characteristics on the
frequency of illegal dumping. Environ. Econ. Policy Stud. 13 (3), 177–193.
https://doi.org/10.1007/s10018-011-0011-5.

Mohee, R., Mauthoor, S., Bundhoo, Z.M.A., Somaroo, G., Soobhany, N., Gunasee, S.,
2015. Current status of solid waste management in small island developing
states: a review. Waste Manage. 43, 539–549. https://doi.org/10.1016/j.
wasman.2015.06.012.

Monteiro Santos, F.A., Mateus, A., Figueiras, J., Gonzalves, M., 2006. Mapping
groundwater contamination around a landfill facility using the VLF-EM method
- A case study. J. Appl. Geophys. 60 (2), 115–125. https://doi.org/10.1016/
j.jappgeo.2006.01.002.

Morales Matos, G., Macias Hernández, A.M., 2003. Génesis, desarrollo y estado
actual del espacio rural de Canarias Retrieved from Ería: Revista Cuatrimestral
de Geografía 62, 265–302 http://dialnet.unirioja.es/servlet/articulo?codigo=
838925.

Notarnicola, C., Angiulli, M., Giasi, C., 2004. Southern Italy illegal dumps detection
based on spectral analysis of remotely sensed data and land-cover maps. Proc.
SPIE 5239 (February 2004), 483–493. https://doi.org/10.1117/12.511668.

PPRC, 2016. Ordinary meeting of council. Port Pirie, Regional Council, France.
Quesada-Ruiz, L., Rodriguez-Galiano, V., Jordá-Borrell, R., 2018. Identifying the main

physical and socioeconomic drivers of illegal landfills in the Canary Islands.
Waste Manage. Res. 36 (11), 1049–1060. https://doi.org/10.1177/
0734242X18804031.

Premalatha, M., Tabassum-Abbasi, Abbasi T., Abbasi, S.A., 2014. The generation,
impact, and management of E-Waste: state of the art. Crit. Rev. Environ. Sci.
Technol. 44 (14), 1577–1678. https://doi.org/10.1080/10643389.2013.782171.

Renou, S., Givaudan, J.G., Poulain, S., Dirassouyan, F., Moulin, P., 2008. Landfill
leachate treatment: review and opportunity. J. Hazard. Mater. 150 (3), 468–493.
https://doi.org/10.1016/j.jhazmat.2007.09.077.

Rodriguez-Galiano, V., Chica-Rivas, M., 2014. Evaluation of different machine
learning methods for land cover mapping of a Mediterranean area using multi-
seasonal Landsat images and Digital Terrain Models. Int. J. Digital Earth 7 (6),
492–509. https://doi.org/10.1080/17538947.2012.748848.

Rodriguez-Galiano, V.F., Chica-Olmo, M., Abarca-Hernandez, F., Atkinson, P.M.,
Jeganathan, C., 2012. Random Forest classification of Mediterranean land cover
using multi-seasonal imagery and multi-seasonal texture. Remote Sens.
Environ. 121, 93–107. https://doi.org/10.1016/j.rse.2011.12.003.

Rodriguez-Galiano, V.F., Luque-Espinar, J.A., Chica-Olmo, M., Mendes, M.P., 2018.
Feature selection approaches for predictive modelling of groundwater nitrate
pollution: an evaluation of filters, embedded and wrapper methods. Sci. Total
Environ. 624, 661–672. https://doi.org/10.1016/j.scitotenv.2017.12.152.

Rodriguez-Galiano, V., Mendes, M., Garcia-Soldado, M., Chica-Olmo, M., Ribeiro, L.,
2014. Predictive modeling of groundwater nitrate pollution using Random
Forest and multisource variables related to intrinsic and specific vulnerability: a

https://doi.org/10.1016/j.habitatint.2008.05.001
https://doi.org/10.1016/j.oregeorev.2007.07.001
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0080
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0080
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0080
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0080
https://idus.us.es/xmlui/handle/11441/39198
https://idus.us.es/xmlui/handle/11441/39198
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0090
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0090
https://doi.org/10.12795/rea.2016.i33.03
https://doi.org/10.12795/rea.2016.i33.03
https://doi.org/10.12777/wastech.1.1.2013.17-21
https://doi.org/10.1177/0734242X14526632
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0105
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0105
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0105
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0105
https://doi.org/10.1039/ap9842100196
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0115
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0115
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0115
http://ebm.si/p/register/ozadje.popisa.pdf
http://ebm.si/p/register/ozadje.popisa.pdf
https://doi.org/10.1007/s10064-016-0889-z
https://doi.org/10.1007/s10064-016-0889-z
https://doi.org/10.4067/S0250-71612013000100001
https://doi.org/10.4067/S0250-71612013000100001
http://www.geocritiq.com/2016/01/el-impacto-territorial-del-tercer-boom-turistico-inmobiliario-de-canarias-y-sus-efectos-en-la-coexistencia-de-usos-turisticos-y-residenciales
http://www.geocritiq.com/2016/01/el-impacto-territorial-del-tercer-boom-turistico-inmobiliario-de-canarias-y-sus-efectos-en-la-coexistencia-de-usos-turisticos-y-residenciales
http://www.geocritiq.com/2016/01/el-impacto-territorial-del-tercer-boom-turistico-inmobiliario-de-canarias-y-sus-efectos-en-la-coexistencia-de-usos-turisticos-y-residenciales
https://doi.org/10.1016/j.apgeog.2012.06.013
https://doi.org/10.3390/rs71013053
https://doi.org/10.1080/13658816.2015.1008002
https://doi.org/10.1080/13658816.2015.1008002
http://www.gobiernodecanarias.org/medioambiente/piac/descargas/Varios/CAP&Iacute;TULOS_IC_14/6_BIODIVERSIDAD%20Y%20MEDIO%20NATURAL.pdf
http://www.gobiernodecanarias.org/medioambiente/piac/descargas/Varios/CAP&Iacute;TULOS_IC_14/6_BIODIVERSIDAD%20Y%20MEDIO%20NATURAL.pdf
http://www.gobiernodecanarias.org/medioambiente/piac/descargas/Varios/CAP&Iacute;TULOS_IC_14/6_BIODIVERSIDAD%20Y%20MEDIO%20NATURAL.pdf
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0170
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0170
https://doi.org/10.1016/j.wasman.2011.09.023
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0185
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0185
http://hdl.handle.net/10553/6594
https://books.google.es/books?id=yBTvAAAAMAAJ
https://doi.org/10.1016/j.reseneeco.2010.01.002
http://www.ine.es/dyngs/INEbase/es/categoria.htm?c=Estadistica_P%26cid=1254734710990
http://www.ine.es/dyngs/INEbase/es/categoria.htm?c=Estadistica_P%26cid=1254734710990
http://estadisticas.tourspain.es/es-ES/estadisticas/frontur/informesdinamicos/paginas/anual.aspx
http://estadisticas.tourspain.es/es-ES/estadisticas/frontur/informesdinamicos/paginas/anual.aspx
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0215
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0215
https://doi.org/10.1016/j.ecolind.2013.10.001
https://doi.org/10.1016/j.ecolind.2013.10.001
https://doi.org/10.1016/j.wasman.2011.10.017
https://doi.org/10.1016/j.wasman.2011.10.017
https://doi.org/10.1007/BF03353988
https://doi.org/10.1016/j.wasman.2005.04.002
https://doi.org/10.1016/j.wasman.2005.04.002
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0240
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0240
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0240
https://doi.org/10.1016/j.jclepro.2016.12.097
https://doi.org/10.1080/09640568.2014.993751
https://doi.org/10.1080/09640568.2014.993751
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0255
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0255
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0255
https://doi.org/10.3986/AGS52207
https://doi.org/10.1007/s10018-011-0011-5
https://doi.org/10.1016/j.wasman.2015.06.012
https://doi.org/10.1016/j.wasman.2015.06.012
https://doi.org/10.1016/j.jappgeo.2006.01.002
https://doi.org/10.1016/j.jappgeo.2006.01.002
http://dialnet.unirioja.es/servlet/articulo?codigo=838925
http://dialnet.unirioja.es/servlet/articulo?codigo=838925
https://doi.org/10.1117/12.511668
http://refhub.elsevier.com/S0956-053X(19)30015-7/h0290
https://doi.org/10.1177/0734242X18804031
https://doi.org/10.1177/0734242X18804031
https://doi.org/10.1080/10643389.2013.782171
https://doi.org/10.1016/j.jhazmat.2007.09.077
https://doi.org/10.1080/17538947.2012.748848
https://doi.org/10.1016/j.rse.2011.12.003
https://doi.org/10.1016/j.scitotenv.2017.12.152


518 L.C. Quesada-Ruiz et al. /Waste Management 85 (2019) 506–518
case study in an agricultural setting (Southern Spain). Sci. Total Environ. https://
doi.org/10.1016/j.scitotenv.2014.01.001.

Rodriguez-Galiano, V., Sanchez-Castillo, M., Chica-Olmo, M., Chica-Rivas, M., 2015.
Machine learning predictive models for mineral prospectivity: an evaluation of
neural networks, random forest, regression trees and support vector machines.
Ore Geol. Rev. 71, 804–818. https://doi.org/10.1016/j.oregeorev.2015.01.001.

Salleh, J. Bin, Tsudagawa, M., 2002. Classification of industrial disposal illegal
dumping site images by using spatial and spectral information together. In:
Procedding in IEEE Instrumentation and Measurement Technology Conference
Anchorage, AK, USA.

Schill, W., Jockel, K.H., Drescher, K., y Timm, J., 1993. Logistic analysis in case-control
studies under validation sampling. Biometrika 80 (2), 339–352.

S�ener, E., y Karag, R., 2011. Solid waste disposal site selection with GIS and AHP
methodology: a case study in Senirkent – Uluborlu (Isparta) Basin. Environ.
Monit. Assess. 173, 533–554. https://doi.org/10.1007/s10661-010-1403-x.

S�ener, S�., S�ener, E., Nasc, B., y Karagüzel, R., 2010. Combining AHP with GIS for
landfill site selection: a case study in the Lake Beys�ehir catchment area. Waste
Manage. 30, 2037–2046. https://doi.org/10.1016/j.wasman.2010.05.024.

Silvestri, S., Omri, M., 2008. A method for the remote sensing identification of
uncontrolled landfills: formulation and validation. Int. J. Remote Sens. 29 (4),
975–989. https://doi.org/10.1080/01431160701311317.

Silverman, B.W., 1986. Density Estimation for Statistics and Data Analysis. Chapman
and Hall, London, New York, p. 175.

Tasaki, T., Kawahata, T., Osako, M., Matsui, Y., Takagishi, S., Morita, A., Akishima, S.,
2007. A GIS-based zoning of illegal dumping potential for efficient surveillance.
Waste Manage. 27, 256–267. https://doi.org/10.1016/j.wasman.2006.01.018.

Tasaki, T., Matsui, Y., Kawahata, T., Osako, M., Takagishi, S., Morita, A., 2004. Analysis
of geographic attributes and probabilities related to illegal dumping. J. Jpn. Soc.
Waste Manage. Exp. 15 (1), 1–10. https://doi.org/10.3985/jswme.15.1.
Troll, V., Carracedo, J.C., 2016. The Canary Islands: an introduction. The geology of
the canary islands. Las Palmas de Gran Canaria, España: Spanish Institute of
Oceanography (IEO). https://doi.org/10.1016/B978-0-12-809663-5.00001-3.

UNEP, 1998. Management of wastes in small islands developing states. Progress in
the implementation of the Programme of Action for the Sustainable
Development of Small Island Developing States. United Nations. Retrieved
from <http://islands.unep.ch/dd98-7a2.htm> (Accessed 20.10.16).

U.S. EPA, 1998. A framework for ecological risk assessment at the EPA.
Environmental Toxicology and Chemistry. USA Federal Register 63(93).

Uricchio, V.F., Palmisano, V.N., Lopez, N., Bruno, D.E., 2010. A centralized
management data to prevention of environmental crimes fight. The Altamura
case. In: EESMS 2010 - 2010 IEEE Worskshop on Environmental, Energy, and
Structural Monitoring Systems, Proceedings, 59–64. doi: 10.1109/
EESMS.2010.5634178.

Uyan, M., 2014. MSW landfill site selection by combining AHP with GIS for Konya,
Turkey. Environ. Earth Sci. 71, 1629–1639. https://doi.org/10.1007/s12665-013-
2567-9.

Watkins, E., 2015. A case study on illegal localized pollution incidents in the EU. A
Study Compiled as Part of the EFFACE Project. IE, London: IE, pp. 1–36. Retrieved
from <www.efface.eu>.
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