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Introduction

The proliferation of illegal landfills (ILs) has a negative impact, 
especially for ecologically sensitive areas and human health, and 
is a major environmental problem for many countries. A report 
produced by the European Union Action to Fight Environmental 
Crime (EFFACE) indicated that the total number of ILs in the 
European Union (EU) is 12,628, with a total of 2,871,186 tons of 
waste (Watkins, 2015). The generation of ILs causes different 
impacts: deterioration of local landscapes (Matsumoto and 
Takeuchi, 2011), increased air pollution (Bridges et al., 2000), 
contamination of aquifers (Hafeez et al., 2016; Monteiro Santos 
et al., 2006) or increased risk for human health. ILs also have 
repercussions for local economies, reducing return from tourism 
operations and entailing high costs for repair and cleaning in 
affected areas, which can account for up to 30% of some local 
government budgets (Calò and Parise, 2009; Ichinose and 
Yamamoto, 2011; Jones, 2008; Notarnicola et al., 2004). To 
reduce the effects of ILs on the territory, restrictive laws have 
been introduced which regulate waste management and the pen-
alties for landfill-related offences. The directive on waste and 
repealing certain Directives (European Commission, 2008) 
defines a landfill as being a waste elimination site where waste is 

into or on to land. Although that directive does not define an IL, 
the directive on environmental responsibility with respect to pre-
vention and repair of environmental damage (European 
Commission, 2004) establishes that uncontrolled waste should be 
managed, as well as its collection, transport, recovery and elimi-
nation. It also demands measures to prevent and evaluate envi-
ronmental damage in order to plan the respective remediation. 
On the other hand, the autonomous communities of the Spanish 
state altogether consider ILs to be land affected by waste deposits 
with no type of management or control for a period of more than 
two years and an area of more than 2000 m².

One of the main challenges of studying ILs is identification of 
the physical or socioeconomic features associated with their 
appearance (Apostol and Mihai, 2011; Biotto et al., 2009; Doak 
et al., 2007; Silvestri and Omri, 2008; Tasaki et al., 2004, 2007). A 
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better understanding of the specific features that influence the 
occurrence of ILs improves the waste management and reduces the 
impact linked to their appearance (Glanville and Chang, 2015; 
Matos et al., 2012). Those features may be different depending on 
the nature of the territories. Hence, for example, Apostol and Mihai 
(2011) identified the closeness of rural areas as being a major fac-
tor in the appearance of ILs in Romania, while Biotto et al. (2009) 
found that ILs in Italy’s Veneto region are controlled by industrial 
activity and closeness to authorised landfills. Jordá-Borrel et al. 
(2014) concluded that in southern Spain socioeconomic features 
such as per capita income are more important; for Matos et al. 
(2012) in Slovenia it was the closeness of roads and for Tasaki 
et al. (2007) in Japan the topography. Silvestri and Omri (2008) in 
turn linked the occurrence of ILs to vegetation zones.

The characterisation of factors affecting the appearance of ILs 
normally entails consideration of numerous features which may 
potentially be involved in this process, giving way to a space with 
complex features. In this regard, a first analysis of the basic sta-
tistics may bring us closer to the relationship of the features most 
associated with IL occurrence (Apostol and Mihai, 2011; Tasaki 
et al., 2004). Also, by using more advanced statistical techniques 
such as principal component analysis (PCA), the degree of asso-
ciation between features can be discerned. The use of logistic 
regression (LR) can allow the establishment of causality relation-
ships between the independent features and IL occurrence 
(Lucendo-Monedero et al., 2015) and determine the predictive, 
confounding or modifying role of the effect of each feature, dis-
tinguishing direct causality relationships and relationships result-
ing from chance. In that regard, the predictive features are 
precursors of IL occurrence, maintaining a real relation to it. 
Confounding features are those that apparently predict IL occur-
rence due to their statistical link to the phenomenon but which do 
not support a real relation to same. That may be due to their high 
correlation with other independent features. Finally, the features 
that modify the effect of IL occurrence are those whose interac-
tion with other features may increase or decrease the respective 
effect. Hence, ascertainment of those feature types is vital for 
understanding the processes leading to the appearance of ILs in a 
given territory.

The features associated with IL appearance in the ultra-
peripheral region of the Canary Islands have not been studied to 
date. This region has different characteristics which make waste 
management difficult and might be associated with the prolifera-
tion of ILs: (i) high population densities, with the islands of La 
Palma (LP) and Gran Canaria (GC) having 122.16 inhabitants/
km² and 543.45 inhabitants/km², respectively; (ii) mass tourism 
(Hernández Rodríguez, 2006), receiving 167,838 and 4,223,679 
tourists in 2016 in LP and GC, respectively (http://estadisticas.
tourspain.es); (iii) significant urban growth linked to the early 
twenty-first century real estate boom (Fernández-Tabales and 
Cruz, 2013); (iv) intense farming activity which can be a major 
source of waste, especially plastic waste (Hernández Torres, 
2003); (v) limited number of waste management and treatment 
infrastructures; and (vi) the lack of citizen awareness.

This study aims to identify the features associated with the 
appearance of ILs and to establish causal relationships between 
the presence and absence of ILs on LP and GC. This paper thus 
presents a characterisation and analysis of ILs on both islands 
based on exploratory analysis and multivariable analysis with the 
aim of understanding the features that drive the proliferation of 
ILs in order to improve damage repair and prevention policies. 
The specific objectives are: (i) to characterise the spatial patterns 
of coincidence between IL occurrence and other socioeconomic 
and physiographic features; (ii) to assess the degree of associa-
tion between those features and IL occurrence; and finally (iii) to 
identify causality relationships between the explanatory features 
and IL occurrence, as well as to reduce the feature space, select-
ing the most important features and eliminating those that can be 
confounding or modifying.

Methodology

Data

The IL localisation process consisted of three stages: (i) identifi-
cation of potential ILs by means of photo-interpretation of ortho-
photos with spatial resolution of 0.5 m for the years 2012 and 
2015; (ii) field inspection of 215 (LP) and 387 (GC) potential 
sites; (iii) screening of illegal ILs with deposits less than two 
years old, ultimately obtaining 153 (LP) and 286 (GC) IL sites 
(Figure 1). For each IL site, information referring to waste type, 
degree of accessibility, fencing, access control and existence of 
dissuasive measures was compiled. To apply LR and for the pur-
pose of generating an IL occurrence probability model, the sam-
ple was complemented by including sites not affected by the 
existence of ILs, following the methodology described by 
Carranza et al. (2008). To that end, a sampling was applied, meet-
ing the following conditions: (i) randomised sites based on point 
analysis of patterns (Boots and Getis, 1988; Diggle, 1983), (ii) 
dissimilitude in multivariable information with the IL sites, (iii) 
distances of more than 1594 m to IL sites based on the analysis of 
closer distances between ILs, and (iv) equal number of negative 
and positive occurrence zones (e.g. Breslow and Cain, 1988; 
Schill et al., 1993). The positive and negative occurrence zones 
were coded as 1s and 0s, respectively, resulting in a total of 306 
(LP) and 572 (GC) cases.

Following Alexakis and Sarris (2013), Doak et al. (2007), Biotto 
et al. (2009) and Tasaki et al. (2004, 2007), a series of spatial fea-
tures of different typology was considered: socioeconomic features, 
such as per capita income, population and economic, industrial and 
tourism activity indicators; management-related, such as waste 
type, degree of access, accessibility, security and control; and 
finally terrain features, such as elevation and slope. Based on this 
initial group of features, a subgroup of derived features was obtained 
by applying different GIS analysis procedures (Akbari et al., 2008; 
Demesouka et al., 2014; Kontos et al., 2005; Şener and Karag, 
2011; Şener et al., 2010; Uyan, 2014). New features were thus 
extracted (Table 1) based on interpolation of the socioeconomic 
information broken down by population centres for the rest of the 
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territory, application of Euclidean distance (ED) criteria between 
the location of the ILs and the features of interest (Biotto et al., 
2009; Jordá-Borrell et al., 2014; Tasaki et al., 2007), calculation of 
densities of elements of interest by applying kernel functions 
(Silverman, 1986) and other search functions based on distance to a 
given radius (250 m, 500 m, 1500 m) and the extraction of features 
associated with ground occupation, considering both the calculation 
of densities and the distance to a given ground use. Finally, the nor-
malised difference vegetation index (NDVI) was calculated using a 
SPOT-5 image dated 31 August 2014. Each feature was standard-
ised, rastered and resampled at a spatial resolution of 10 m. The 
values for all the aforementioned features were extracted for the 
positive and negative IL occurrence locations.

Multivariable statistical analysis: PCA 
and LR

The PCA and LR were done in the SPSS 24.0 software environ-
ment. PCA was solely applied to the cases of positive occurrence. 
It was used to determine the association between different fea-
tures. The multivariable normality of the features and their inter-
relationship were verified by means of the Kaiser–Meyer–Olkin 
measure of sampling adequacy (LP: 0.715; GC: 0.711) and 
Barlett’s sphericity test (LP: 2922.87; GC: 9013.14). The ratio of 
10 cases per feature chosen for the PCA was respected. The fac-
tors were rotated using the quartimax method (Hair et al., 2010). 
A minimum presence of two features per factor was assured 
along with correlations equal to or above 0.40 for each feature.

LR was used to evaluate the features presumably associated 
with IL proliferation and to learn their role: predictive, confound-
ing or modifying. The predictive role was evaluated based on 
magnitude and the sign of the ratios between the features and IL 

occurrence. The confounding role was assessed by evaluating the 
strength of association between the independent feature and IL 
occurrence when the latter is introduced in the LR equation. The 
modifying features of the effect of IL occurrence were recognised 
by evaluating the interaction of one feature with another after 
introduction of the first. Statistically significant features at 95% 
confidence level were considered. LR was also applied to the 
negative occurrence zones and positive occurrence zones. The 
parsimony principle was assured, reducing the features space 
based on the forward step inclusion method. The number of inde-
pendent features needed to achieve the best discrimination 
between positive and negative occurrence zones was thus reduced. 
Construction of the binary LR model for each island was achieved 
based on the linear combination of the features. The method was 
evaluated based on the percentage of variance explained by the 
subgroup of features: R squared of Cox & Snell (LP: 0.629; GC: 
0.602) and R squared of Nagelkerke (LP: 0.845; GC: 0.802). Also, 
the degree of precision of the IL prediction was evaluated by 
means of the confusion matrix and the overall accuracy.

Results and discussion

Characterisation of waste from the ILs of 
LP and GC

As can be seen in Figure 2, waste from construction and demolition 
is an environmental issue that has not been addressed in both 
islands, which could have negative repercussions for their tourism 
image (Sebenik, 1994; Smrekar, 2011; US Environmental 
Protection Agency, 1998). Indeed, such waste was the typology 
with the greatest presence in both LP (43%) (Figure 2(a)) and GC 
(52%) (Figure 2(b)), followed by waste derived from mining and 
extraction activity, which respectively accounted for 28% and 21% 

Figure 1. Study area.
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of total located ILs. Municipal solid waste was higher on LP (18%) 
than GC (10%), probably due to the less developed waste manage-
ment systems on LP and the distance to the municipal solid waste 
treatment centres. Predictably, the lack of greenhouse crops on LP 
meant that plastic waste ILs were not generated; however, they did 
occur on GC (13%), with its extensive greenhouse occupation. Low 
industrial activity on both islands meant less production of indus-
trial waste and ILs of that typology. It is noteworthy that ILs with 

organic material and end-of-life tyres and vehicles were sporadic 
and apparently did not pose a problem. On the other hand, 65% and 
71% of the IL sites notably presented some type of secondary waste 
(LP: Figure 3(a); GC: Figure 4(a)), mostly associated with con-
struction and demolition (LP: 32%; GC: 30%), earth moving (LP: 
26%; GC: 12%) and municipal solid waste (LP: 16; GC: 14%).

Some 80% and 81% of the ILs presented no control or vigi-
lance element in their surrounding area (LP: Figure 3(b); GC: 

Table 1. Selected features.

Short name Long name Units Short name Long name Units

C_TYPA Cadastral plot type Unitless E_PATH ED to path m
D_ARCC Impervious cover transition density 

(1990–2012)
km−2 E_PZ35 ED to pit (35 m kernel) m

D_BUIL Building density km−2 E_RAVI ED to cliffs m
D_CC00 Cover transition density between 

(2000-2006)
km−2 E_REEQ ED to leisure equipment m

D_IELE Element of interest density km−2 E_RELI ED to religious infrastructures m
D_GRHO Greenhouse density km−2 E_ROAD ED to roads m
D_ROAD Road density km−2 E_RUSE ED to rural settlement m
D_RUIN Ruins density km−2 E_SEGI ED to security infrastructures m
E_COAS ED to coast m E_SPOI ED to sport infrastructures m
E_COME ED to commercial areas m E_TELI ED to telecommunication 

infrastructures
m

E_CULI ED to cultural infrastructures m E_TOHO ED to tourist housing m
E_EDEI ED to education infrastructures m E_URAR ED to urban areas m
E_ENEI ED to energy infrastructures m E_WAYS ED to paths m
E_EXAR ED to extractive areas m P_MDTG Altitude Unitless
E_GRZO ED to green zones m P_NDVI NDVI index %
E_HEIN ED to health infrastructures m P _SLPE Slope km−2

E_HIGH ED to highways m H_PODE Population density €/m2

E_HOST ED to hostel m H_IBIR Rural property tax €/inhabitant
E_IELE ED to features of interest m H_INPC Income per capita %
E_INAR ED to industrial areas m I_COMA Wholesale trade index %
E_MONU ED to monuments m I_ECAC Economic activity index %
E_MURC ED to municipal recycling centre m I_TURI Tourist index %
E_NACL ED to nature classroom m I_INDU Industrial index %
E_PRAR ED to protected areas m  

Figure 2. Types of waste in La Palma (a) and in Gran Canaria (b). Agricultural plastic (AP), mining and extraction activity 
(MEA), construction and demolition waste (CDW), municipal solid waste (MSW), industrial waste (IW), end-of-life vehicles (ELV), 
end-of-life tyres (ELT), organic matter (OM).
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Figure 4(b)). Furthermore, no type of dissuasive measures were 
found in more than 95% of the ILs on both islands. That may be 
directly related to the low protection of the plots surroundings and 
the lack of dissuasive measures for the occurrence of ILs. Access 
to the IL sites (LP: Figure 3(c); GC: Figure 4(c)) from roads rep-
resented solely 33% and 34%, requiring more attention and with 
random, unpaved path and across-open-ground accesses standing 
out altogether. Likewise, there was limited fencing of plots in 90% 
and 78% of the sites visited. (LP: Figure 3(d); GC: Figure 4(d)).

Figure 5 shows the distribution by quartiles of the values of 
the IL sample for each island and each feature selected. In the 
subgroup of distance to ground use features (Figure 5(a)) it was 
seen that the ILs on both islands were present mainly in rural 
environments, as 100% of the ILs were situated less than 0.2 km 
and 0.6 km from agricultural land. 50% of the cases of located 
ILs were less than 0.8 km from an urban centre, concentrating in 
sites close to the outskirts of urban centres. Natural protected 
areas and green zones were a lesser occurrence, probably due to 
the respective terrain, low accessibility and vigilance. However, 
25% of the ILs were found within or relatively close to such 
spaces. Despite the low industrial activity on both islands, 25% 
of the ILs were situated less than 1 km from land used by indus-
try, which may be due to the specialisation of industrial poles in 
the construction or manufacturing sectors or their localisation in 

relatively non-cohesive spaces and with empty lots. Some 75% 
of the ILs on GC were situated less than 500 m from covered 
areas with high densities of ground use transitions for the period 
between 2000 and 2006. Possibly the highest occurrence of ILs 
may be situated in areas with more urban growth. Also, the rural 
environments with high greenhouse densities (between 15 and 
40 greenhouses in a radius of 0.5 km) accounted for the location 
of 50% of the ILs on GC. Hence, the agricultural spaces produc-
ing large amounts of plastic could behave as potential IL genera-
tors. Conversely, the spaces with high density of elements of 
tourism and cultural interest maintained no relationship with IL 
occurrence, which may be due to higher people flow, control and 
vigilance (Figure 5(b)).

The spaces close to ILs on both islands presented a high den-
sity of communication routes in their surrounding area. All the 
ILs were found within 0.2 km from roads and 75% within 0.4 km 
from a major secondary road (Figure 5(c)). IL occurrence may 
consequently increase in places with more connection to the road 
network. Also, 25% of the ILs on GC were less than 0.6 km from 
the national motorway. The margins of this axis of communica-
tion may therefore attract IL occurrence by presenting both high 
industrial and construction activity, and empty lots and aban-
doned farmland with little vigilance and easy access. Some 25% 
of the ILs were situated less than 0.3 km from paths and unpaved 

Figure 3. Histograms for La Palma. (a) Secondary type of waste. (b) Surveillance and security. (c) Type of access. (d) Fenced 
enclosures. Agricultural plastic (AP), construction and demolition waste (CDW), mining and extraction activity (MEA), municipal 
solid waste (MSW), industrial waste (IW), end-of-life vehicles (ELV), end-of-life tyres (ELT), organic matter (OM).
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trails, which may be explained by the high number of that road 
category on LP.

The features for distance to infrastructures of interest (Figure 
5(d)) showed that 75% of the ILs on LP were situated less than 1 
km from tourism lodgings, while only 25% of the ILs on GC 
were located less than 1.1 km from them; that disparity may be 
due to the higher concentration of tourism lodging close to urban 
centres on the island of LP versus GC. Some 25% of the ILs on 
LP and GC were found less than 0.7 km from a sports infrastruc-
ture; that would be due to the fact that such infrastructures are 
situated on the outskirts of urban centres.

The physiographic features (Figure 5(e)) showed the relation-
ship between potential IL occurrence and distance to ravines. 
Some 50% of the ILs on LP and GC were found less than 0.2 km 
from a ravine. Ravines might thus be attractive because they are 
hidden and lack vigilance measures in the surrounding area or 
because they are close to or crossed by communication routes. 
Some 50% of the ILs on both islands were located less than 1.4 
km from the coastline, largely explained by the terrain and the 
higher number of urban settlements.

Places with better socioeconomic indicators are more favour-
able for the appearance of ILs (Figure 5(f)), with the influence of 
those features heightened on GC. For both islands it can be seen 

that more than 50% of ILs are situated in non-touristic areas, of 
less importance for the local economy and therefore with fewer 
preventive and/or persuasive measures. ILs were notably more 
frequent in spaces with more economic, industrial and retail trade 
activity, which may be explained by higher waste generation and 
the presence of urban settlements in such areas.

As a previous step before PCA and LR, ES enabled an approach 
to the behaviour of the features and the existence of spatial patterns 
between certain values of the independent features and IL occur-
rence. Its application nevertheless did not enable evaluation of the 
existence of statistically significant associations between the fea-
tures and the presence or absence of ILs.

Principal component analysis

The PCA allowed identifying the associations between explana-
tory features and the appearance of ILs (Jordá-Borrell et al., 
2014; Tasaki et al., 2007). The PCA explained 82.34% of the total 
variance in LP (Table 2). Seven components were obtained; the 
first three accumulated 52.22% of the data variance. The first, 
second and third components thus explained 28.36%, 14.22% 
and 10.64%, respectively. From the fourth component, the vari-
ance explained was notably lower, 9.77% (fourth), 7.87% (fifth), 

Figure 4. Histograms for Gran Canaria. (a) Secondary type of waste. (b) Surveillance and security. (c) Type of access. (d) 
Fenced enclosures. Agricultural plastic (AP), construction and demolition waste (AP), mining and extraction activity (MEA), 
municipal solid waste (MSW), industrial waste (IW), end-of-life vehicles (ELV), end-of-life tyres (ELT), organic matter (OM).
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6.48% (sixth) and 5.00% (seventh). In the case of GC, the PCA 
explained 81.83% of the total variance (Table 3) and six compo-
nents were obtained; the first three accumulated 52.82% of the 
data variance, with the first, second and third components 
explaining 32.55%, 13.16% and 12.83%, respectively. From the 
fourth component, the variance explained was much lower − 
11.51% (fourth), 6.53 % (fifth) and 5.29% (sixth). In the case of 

LP, the first component grouped features that were associated 
with population. It showed a positive relationship for the density 
of constructions, population density, density of elements of inter-
est, density of communication routes and the industrial indicator. 
Each of those characteristics would increase its value when the 
value of one of them increases. That may directly connect higher 
population and urban and social dynamism to the occurrence of 

Figure 5. Boxplots. (a) Distance to land use. (b) Density of elements of interest. (c) Distance to road networks. (d) Distance to 
infrastructures of interest. (e) Distance to physiographic elements. (f) Socioeconomic indexes. GC: dark grey; LP: grey.
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Table 2. Principal component analysis model for La Palma.

Components (1st 
level of rank)

Initial 
values

Weight % Features (2nd 
level of rank)

Weight 
(correlation)

Rotation sums of 
squared loadings

 % Variance % Accumulated

C1 Settlement 6.807 28.36 D_BUIL 0.88 28.36
 H_PODE 0.82  
 D_IELE 0.75  
 D_ROAD 0.63  
 I_INDU 0.62  

C2 Distance to 
cultural areas and 
green zones

3.412 14.22 E_PATH 0.93 42.58
 E_IELE 0.93  
 E_GRZO 0.69  

C3 Socioeconomic 2.554 10.64 I_ECAC 0.92 53.22
 H_INPC 0.84  
 I_ETME 0.79  

C4 Distance to 
element of interest

2.346 9.77 E_EXAR 0.88 62.99
 E_URAR 0.83  
 E_INAR 0.72  
 E_ROAD 0.69  

C5 Distance to rural 
areas

1.889 7.87 E_AGAR 0.90 70.87
 E_RUSE 0.88  
 E_SPOI 0.79  

C6 Distance to 
coast

1.556 6.48 E_COAS 0.87 77.35
 P_MDTG 0.81  
 H_IBIR −0.75  

C7 Cover change 
density

1.199 5.00 D_ARCC 0.95 82.34
 E_PRAR 0.90  

Table 3. Principal component analysis model for Gran Canaria.

Components (1st 
level of rank)

Initial 
values

Weight % Features (2nd 
level of rank)

Weight 
(correlation)

Rotation sums of 
squared loadings

 % Variance % Accumulated

C1 Distance to 
element of interest

7.49 32.55 E_COME −0.94 32.55
 E_GRZO 0.88
 E_PZ35 −0.81
 E_HIGH −0.69

C2 Distance to 
industrial areas

3,02 13.12 E_ENEQ −0.94 45.67
 E_INAR −0.93
 E_REEQ −0.74
 E_TELI −0.66
 E_MURC −0.61

C3 Socioeconomic 2.95 12.83 I_ECAC 0.96 58.50
 I_COMA 0.91
 I_INDU 0.88
 H_INPC −0.64
 H_IBIR −0.59

C4 Distance to coast 2.64 11.51 P_MDTG −0.93 70.01
 E_COAS −0.90

C5 Density of cover 
change

1.50 6.53 D_CC00 0.85 76.54
 D_ARCC 0.79
 H_PODE 0.63

C6 Accessibility to 
roads

1.21 5.29 E_ROAD −0.78 81.83
 D_ROAD 0.76  
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ILs. The second component encompassed features associated 
with the distance to elements of interest such as: the network of 
paths, relevant cultural elements and green zones. This second 
component might have a direct relationship to potential IL occur-
rence and greater distance to those elements. More proximity to 
those elements of interest may thus discourage IL occurrence. 
The third component grouped socioeconomic features such as: 
economic activity indicator, per capita income and extractive 
industrial activity. More socioeconomic activity would thus mean 
more IL occurrence. That may accordingly be explained by the 
higher consumption and waste generation that occurs in areas 
with higher spending power and socioeconomic activity. The 
fourth component associated features of distance to elements of 
interest: aggregate extraction areas, urban centres, industrial 
areas and distance to roads. That may associate IL occurrence to 
the proximity of those elements. The fifth component likewise 
grouped features of distance to: agricultural areas, rural settle-
ments and sports infrastructures. It was nevertheless observed 
that the first two features with more weight are those that define 
this component. That may link IL occurrence to the proximity of 
agricultural spaces and peri-urban settlements.

The sixth component concentrated the features: distance to 
the coast, altitude and property taxes (IBI). Based on this compo-
nent, IL occurrence could be interpreted as being higher with less 
distance to the coast, lower altitude and higher IBI rate. This rela-
tionship of features may be because spaces at lower levels and 
close to the coast presented higher tax pressure due to the greater 
cadastral value compared to interior areas. Finally, the seventh 
component grouped the features of: density of changed uses 
between 1990 and 2012 and distance to protected natural areas. 
Both may have a direct relationship with ILs, whereby the 
increase of one of them may imply a higher occurrence of ILs.

In the case of GC, the first two components grouped features 
that maintain a connection to the distance to elements of interest. 
The second component was formed by the features of distance to 
large shopping centres, subsidence areas, motorways and green 
zones. The higher distance to areas and the lower distance to 
large shopping centres, subsidence areas and the motorway may 
be directly related to IL occurrence. The third component was 
formed by the features of distances, to industrial areas, telecom-
munication infrastructures, energy infrastructures, recreation 
infrastructures and distance to recycling centres.

The third component grouped socioeconomic features: eco-
nomic activity, retail activity, industrial activity, per capita 
income and taxes on goods and property. This may imply that ILs 
are more likely to occur where there is greater economic, com-
mercial, retail and industrial activity. Conversely, ILs may occur 
less in spaces with less per capita income and lower tax rates for 
goods and rural property, such as spaces farther from the coast.

The fourth component grouped the features of altitude and 
proximity to the coast. It could be interpreted that areas with 
lower altitude closer to the coast are likely to have higher occur-
rence of ILs. The fifth component was formed by the features of 
densities of: population, transitions to artificial covers and change 

of covers in the period between the years 2000 and 2006. This 
may associate IL occurrence to the increase of urban surface and 
population density. Finally, the sixth component grouped the fea-
tures of: distance to secondary roads and density of communica-
tion routes. Spaces with high communication route density and 
less distance to roads may thus enable higher IL occurrence due 
to their easier accessibility.

Both PCAs identified population and distance to elements of 
interest (i.e. industrial areas, motorway) as being decisive factors 
for IL occurrence, as did Biotto et al. (2009). However, the den-
sity and closeness to secondary communication routes were not 
as important as for Biotto et al. (2009), Jordá-Borrell et al. (2014) 
and Matos et al. (2012), probably due to the high accessibility of 
both islands. Otherwise, the socioeconomic factors were not as 
important as in other works (Jordá-Borrell et al., 2014; Matsumoto 
and Takeuchi, 2011), probably owing to the study’s scale and the 
breakdown of the official socioeconomic information in local 
administrative units (NUTS3). Likewise, the altitude feature 
assumed a great deal of importance due to the high number of ILs 
situated in coastal spaces, as opposed to the mainland studies of 
Biotto et al. (2009), Gorsevski et al. (2012), Jordá-Borrell et al. 
(2014), Matsumoto and Takeuchi (2011) and Tasaki et al. (2007).

Logistic regression

The LR models of LP and GC had an overall accuracy of 93.5% 
(Table 4) and 92.5% (Table 5), respectively. For LP, six of 23 
features were selected (Table 6) and for GC nine of 21 features 
(Table 7). The lower reduction of the model’s features for GC 
was due to consideration of the economic indicators. That implies 
that the process of generating ILs is different on both islands. On 
LP the predictive role of the building density and distance 

Table 4. Confusion matrix of La Palma.

Observed Predicted

Illegal 
landfill

Correct 
percentage

NO YES

Illegal landfill No 142 7 95.4
Yes 13 140 91.5

Overall accuracy 93.5

Table 5. Confusion matrix of Gran Canaria.

Observed Predicted

Illegal 
landfill

Correct 
percentage

NO YES

Illegal landfill No 266 20 93.0
Yes 23 263 92.0

Overall accuracy 92.5
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to agricultural spaces features stood out, as they obtained the 
highest LR coefficient. There would thus be more IL occurrence 
in those areas with higher building density and less proximity to 
agricultural spaces. Likewise, for GC the relationship between IL 
occurrence and high greenhouse density was considered; for both 
cases it might be reasoned that there is higher occurrence in 
spaces close to eminently rural spaces, as in the study by Apostol 
and Miahi (2011). The high number of protected natural spaces 
on the island of LP means that the distance to protected natural 
spaces feature may have a confounding role in its relation to 
higher IL occurrence. Nevertheless, on both LP and GC the pre-
dictive role of the distance to green zones feature vis-à-vis less IL 
occurrence could be deduced, probably owing to the lower acces-
sibility of those spaces. On the other hand, on LP the modifying 
role of the effect of interaction of the altitude and distance to the 
coast features stood out, because their inclusion improves the 
preciseness of the LR equation. The high aspect ratio of the 
island, as well as the higher number of settlements close to the 
coast and the higher accessibility may explain that interaction. 
Conversely, that interaction did not have a positive effect on the 
LR equation for GC, although the altitude feature did play a pre-
dictive role, probably because the ILs are situated in more acces-
sible areas with higher population density located at lower levels. 
That notwithstanding, in the specific case of GC, the features 
with a notable predictive role and higher LR coefficients were: 
the industrial activity indicator, density of ground use transition 
to artificial covers and distance to roads. The areas with higher 
industrial activity had higher occurrence of ILs – an important 
feature due to the high localisation of ILs in industrial poles in 

eastern GC. On GC there would be a high ratio of IL occurrence 
and spaces with high densities of ground use transition to artifi-
cial covers between the years 1990 and 2012, a possible conse-
quence of the effect of urban growth and the real estate boom in 
the first decade of the twenty-first century.

The binary LR equation was thus built with the estimated 
regression coefficients (B) for LP (equation (1)) and for GC 
(equation (2)), expressed as follows:
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On both islands the modifying role of the effect of interactions 
between the features associated with density and distance to com-
munication routes was assessed, as well as interactions between 
the socioeconomic indicators. However, their inclusion did not 
contribute to improved precision. In that regard, all the models 
used (PCA and LR) are linear methods. The use of novel method-
ologies based on machine learning such as regression and classifi-
cation trees, random forest and support vector machines 
(Rodriguez-Galiano and Chica-Rivas, 2014) may improve the 
selection of features and identification of the causal relationships 
between them and IL occurrence, by establishing non-linear rela-
tionships and because they are non-parametric methods 
(Rodriguez-Galiano et al., 2018). This paper aims in turn to be a 
prologue of other future ones wherein the relationship between the 
generation of construction and demolition waste and the urban 
boom in the early twenty-first century is analysed in depth, and the 
oversight and sanction policies of local governments, extent of citi-
zen awareness and involvement of the cost of access to waste treat-
ment infrastructures are assessed. Other future lines of enquiry 
consist of assessing the risk ILs pose for tourism potential.

Conclusions

According to the ES, the typology of IL ‘construction and demo-
lition waste’ is the most abundant one in LP and GC. No types of 
dissuasive measures were found in more than 95% of the ILs on 
both islands. ILs were present mainly in rural environments close 
to agricultural land. Some 50% of the ILs of LP and GC were 
found less than 0.2 km from a ravine and less than 1.4 km from 
the coast. Some 75% of the ILs on LP were situated less than 1 
km from a tourist lodging. Some 75% of the ILs of GC were 
located less than 500 m from covers with high densities of ground 
use transitions for the period between 2000 and 2006.

Table 6. Features in the LR equation, La Palma.

B Standard 
error

Wald Sig.

D_BUIL 0.237 0.051 21.334 0.000
E_PRAR −0.048 0.016 9.117 0.003
E_AGAR −0.192 0.042 21.101 0.000
E_GRZO 0.170 0.016 32.601 0.000
E_COST
P_MDTG

0.001 0.000 5.394 0.020

Constant −1.567 0.538 3.879 0.004

Table 7. Features in the LR equation, Gran Canaria.

B Standard 
error

Wald Sig.

D_ARCC 0.139 0.036 14.560 0.000
D_ROAD 0.063 0.018 12.638 0.000
E_ROAD −0.182 0.053 11.887 0.001
E_COME −0.066 0.018 12.632 0.000
E_GRZO 0.098 0.020 24.470 0.000
I_INDU 0.185 0.039 22.935 0.000
H_PODE 0.109 0.054 4.031 0.045
I_ECAC −0.027 0.005 28.695 0.000
P_MDTG −0.104 0.015 48.253 0.000
Constant −2.052 0.706 8.443 0.004



Quesada-Ruiz et al. 1059

For the case of LP the first three components of the PCA, cor-
responding to the features of population, distance from elements of 
interest such as path networks, relevant cultural elements and 
green zones, and socioeconomic features, explained 53.22% of the 
data variance. The latter components, with less explanatory impor-
tance, corresponded to the distance to rural areas, distance to the 
coast and density of ground use changes between 1990 and 2012. 
For GC the first three components of the PCA, corresponding to 
the features of distance to elements of interest such as industrial 
areas and telecommunication, energy and recreation infrastruc-
tures, distance to recycling centres, and socioeconomic ones, 
explained 52.82% of the data variance. The latter components, 
with less explanatory importance, corresponded to the distance to 
elements of interest, distance to rural areas, distance to the coast 
and density of cover transitions. The differences between the com-
ponents of each island may be due to the lower demographic and 
building pressure, lower economic activity or greater extent of for-
ested areas and protected natural areas on LP than on GC.

The LR analyses for each island simplified the feature space. On 
LP 6 of 23 features were selected and on GC 9 of 21 features. The 
LR models of LP and GC had an overall accuracy of 93.5% and 
92.5%. The results show different drivers generating ILs for each 
island. On LP the most decisive features were building density, dis-
tance to agricultural spaces and distance to green zones, with more 
likelihood of IL occurrence in those areas with higher building den-
sity, less proximity to agricultural areas and farther from green 
zones. On GC, the most important features were: the industrial 
activity indicator, density of ground use transition to artificial cov-
ers, greenhouse density and distance to communication routes. 
Hence, the likelihood of IL occurrence would be higher when the 
value of the first three increases and the last one diminishes. The LR 
analysis on GC suggests that there is a high ratio of IL occurrence 
and spaces with high densities of ground use transition to artificial 
covers between the years 1990 and 2012, a possible consequence of 
the effect of urban growth and the real estate boom in the first dec-
ade of the twenty-first century. In future works it would be desirable 
to consider the involvement in IL generation of urban growth pro-
cesses, manufacturing industry activities and greenhouse crops.
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