
Abstract

Optimising bioenergy chains and the creation of a bio-energy dis-
trict can make a positive contribution to territorial development, land
use planning and employment, while reducing environmental pollu-
tion. Energy planning issues are complex problems with multiple deci-
sion makers and criteria. Given the spatial nature of the problem, the
present paper proposes a spatial multi-criteria analysis approach for
supporting decision makers in the site selection process for short rota-
tion forestry planting in the Basilicata Region, southern Italy. The
methodology applied in the decision-support system is ordered weight-
ed averaging, extended by means of fuzzy linguistic quantifiers. The
purpose of the research is to formulate a systematic procedure to
analyse complex decision problems, while supplying decision makers
with a flexible tool to decide on possible agro-energy policies. The out-
comes of the analysis may support decision makers in defining target-
ed agro-energy policies and help the private sector to identify the most
appropriate cropping plan.

Introduction

Man’s production and consumption of energy are among the factors
responsible for global climate change. The major contributors to cli-
mate changes include the greenhouse gases (GHGs), of which CO2 is

the primary element. There has been a big increase in its concentra-
tion levels, reaching 390 ppm in 2010, and rising by 39% as compared
to pre-industrial levels (IPCC, 2011) (Data up-dated to January 2013
report that the concentration of CO2 has reached 395 ppm; available
from: http://www.esrl.noaa.gov/gmd/ccgg/trends/global.html). This has
caused a trend for rising global mean temperatures. The World Bank
report of November 2012 Turn Down the Heat: Why a 4°C Warmer
World Must be Avoided (World Bank, 2012) highlights how the impact
of a 4% increase in mean temperature (expected in 2060 given the cur-
rent GHGs emission levels) may be catastrophic for mankind and for
the ecosystems.

Several options have been identified to limit and reduce the climate
change emissions in the atmosphere, including decarbonisation poli-
cies in production and consumption, and investment in the green econ-
omy. The United Nations Environment Programme (UNEP) defines a
green economy as one that results in improved human well-being and
social equity, while significantly reducing environmental risks and eco-
logical scarcities (UNEP, 2011).

This approach to development suggests economic, legislative, tech-
nological and public education measures aimed at reducing the con-
sumption of energy and natural resources, by promoting the increase
in energy and production efficiency, the decrease in greenhouse emis-
sion gases, and the reduction in local and global pollution, through the
promotion of a genuinely sustainable and lasting global economy.
These measures mainly use renewable resources (such as biomasses,
wind energy, solar energy, hydraulic energy) and focus on preventing
as much waste as possible. 

Bioenergy has a significant potential to mitigate GHG provided sus-
tainable strategies are adopted to develop resources and efficient
bioenergy systems are used (IPCC, 2011). Biomass is a primary source
of food, fodder and fibres, and as a renewable energy source, in 2008,
it provided approximately 10.2% (50.3 EJ) of global total primary ener-
gy supply (IPCC, 2011). Several studies confirm that there is still room
for further development of the bio-energy sector (Berndes et al., 2003;
Hoogwijk et al., 2005; de Vries et al., 2007; Hoogwijk et al., 2009),
notably for short-rotation crops grown on farmland (Dornburg et al.,
2008, 2010). Actually, following the IPCC report on renewable energies
(IPCC, 2011) it would also be possible to obtain 700 EJ/year from ded-
icated biomass productions if used on abandoned lands and/or on soils
not used for food crops.

In the Basilicata Region, southern Italy, marginal farmland areas
are being increasingly abandoned because of their low productivity in
terms of output and product type, and of the major reforms set out in
the EU Common Agricultural Policy. There is no question that within
this policy, the introduction of de-coupling, cross-compliance, rural
development and nodulation has deeply changed the direct payment
system to the farms, making a significant impact on the profile and
maintenance of rural lands (Romano and Cozzi, 2008). The changes in
agricultural activities in the Basilicata Region may be retraced by com-
paring the two most recent Agricultural General Censuses (ISTAT,
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2000, 2010) that show a significant reduction in the number of farms
(36%, down from 81,448 in 2000 to 51,756 in 2010) combined with a
substantial reduction in the utilised agricultural area from 538 to 519
thousand hectares (ha) over the decade. The crops that have seen the
biggest reduction include annual cereal crops that decreased by 31%
(from 240,000 to 183,000 ha). A portion of that area has shifted to dif-
ferent crops, such as, e.g. trees and shrubs, while another portion has
been abandoned and no longer represents agricultural areas. It follows
that there is a large availability of soils suitable for bio-energy crops.
This great potential has two main weaknesses linked with the selection
of the species to cultivate and produce biomass (based on the specific
site and climatic conditions of each area), and with the correct defini-
tion of the production and processing chains. The objective of the pres-
ent work is to identify and apply a procedure based on a qualitative-
quantitative analysis aimed at identifying the species that are most
suited to the features of the Basilicata Region, focusing on a robust
methodology and with a detailed spatial component. The integration of
multi-criteria analysis (MCA) and geographical information system
(GIS) techniques may be useful to manage and solve conflicting situa-
tions in spatial contexts (Janssen and Rietved, 1990; Malczewski,
1996) and constitute an approach to land use suitability analysis
(Carver 1991; Eastman, 1997; Thill, 1999; Malczewski, 2004). Such an
integration may be thought of as a process that combines and trans-
forms spatial and aspatial data (input) into a decision result (output),
by defining a relationship between input and output maps with regard
to geographical data and decision preferences, manipulated according
to specified decision rules (Malczewski, 2004).

The most widely used multi-criteria analysis methods for land use
evaluation in a GIS environment include Boolean overlay operations
(non-compensatory combination rules) and the weighted linear combi-
nation methods (WLC, compensatory combination rules) (Heywood et
al., 1995; Jankowski, 1995; Barredo, 1996; Beedasy and Whyatt, 1999;
Malczewski, 2004; Romano and Cozzi, 2006).

There are, however, some major limitations associated with the use
of such procedures in a decision process (Malczewski, 2004). Jiang and
Eastman (2000) have dealt extensively with these limitations and sug-
gest that the ordered weighted averaging (OWA) supplies an extension
and a generalisation of the conventional map combination methods in
GIS.

OWA is a family of multi-criteria combination procedures (Yager,
1988) that applies two series of weights: relatively important weights
and ordered weights (or OWA). By specifying an appropriate set of
OWAs, we can generate a wide range of different land use suitability
maps.

Although this is a relatively new approach (Yager, 1988), we can find
several reports in the literature of application of the conventional
(quantitative) OWA in GIS environment (Asproth et al., 1999; Jiang and
Eastman, 2000; Mendes and Motizuki, 2001; Rasmussen et al., 2001;
Rinner and Malczewski, 2002; Makropoulos et al., 2003; Malczewski et
al., 2003; Rashed and Weeks, 2003; Calijuri et al., 2004; Makropoulos
and Butler, 2005). In this context, it is worthy of note that the GIS-OWA
applications have so far focused on those procedures that require that
the parameters associated with the operators be quantitatively speci-
fied. There is, however, some evidence to suggest that the traditional
OWA operators have a poor applicability in situations that involve a
high number of assessment criteria (Yager, 1996). In a complex spatial
decision situation, decision makers might be expected to find it diffi-
cult (or even impossible, mainly for the problems that involve a num-
ber of criteria) to formulate accurate numerical information in relation
to the OWA parameters (Malczewski, 2006). Actually, for a high num-
ber of assessment criteria, the main difficulty is to combine the crite-
rion maps so that the results reflect decisions makers’ preferences. In
these circumstances, the key issues of decision making might be spec-

ified in terms of some fuzzy linguistic quantifiers such as, for example,
most criteria should be satisfied or at least 80% of criteria should be sat-
isfied, etc. (Malczewski, 2006). This requires extending the conven-
tional OWA so as to include situations that involve qualitative state-
ments in the form of fuzzy linguistic quantifiers (Yager, 1988, 1996).

Contrary to the methodologies proposed in a GIS environment to
assess the bio-energy resource potential in the forestry and agro-
forestry sector in Italy (Ragaglini et al., 2011; Tenerelli and Carver,
2012; Sacchelli et al., 2013a, 2013b), this work is aimed at developing a
model for land use suitability analysis based on the use of natural lan-
guage as the principle tool for human communication, so linguistic
quantifiers prove to be very helpful in the computer-human interaction.

The above quantifiers translate specific mathematical expressions
into a formal language that facilitates the expression of multi-criteria
analysis procedures, notably the OWA. A linguistic quantifier can best
represent the decision maker’s qualitative information with regard to
his or her perception of the relationship between different evaluation
criteria, especially when the analysis involves a high number of crite-
rion maps that makes it difficult, or even impossible, to make decisions
and establish the most effective methodology.

The quantifier-guided OWA enables the decision maker to explore
different decision strategies or scenarios, thus helping the operator to
gain a better understanding of alternative land use suitability models. 

Materials and methods

Quantifier-guided ordered weighted averaging 
The multi-criteria analysis procedures in the GIS environment

require different geographically defined alternatives (e.g. soil parti-
cles) and several assessment criteria represented by spatialised data.
The problem is to combine the criterion maps following the criterion
values (attributes) and the preferences of decision makers by using a
decision rule (combination rule). 

Assuming that an alternative is represented like a cell (raster) or a
polygon, each alternative (i=1,2,…,m) is described by a set of stan-
dardised criterion values: aijŒ[0,1] for i=1,2,…,n (standardisation
that may be done by means of fuzzy logical methods; Zadeh, 1965), and
by preferences that are typically indicated as the criterion weights,
wjŒ[0,1] for i=1,2,…,n, and Sn 

j = 1 wj =1 (calculated, e.g. through the
analytical hierarchy process (AHP) (Saaty, 1980). Given some input
data (a set of criterion maps and criterion weights), the OWA combina-
tion operator associates with an i-th location (e.g. raster or point) some
ordered weights v=v1,v2,…,vn so that vjŒ[0,1] for j=1,2,…,n, Sn 

j= 1 vj =1
and is defined as follows (Yager, 1988; Malczewski et al., 2003;
Malczewski, 2006):

(1)

where: zi1>zi2>…>zin is the sequence obtained by rearranging the
attribute values ai1,ai2,…,ain, and uj is the criterion weight based on the
value of the attribute, zij. It is important to underline the difference
between the two types of weight (criterion weights and order weights).
Criterion weights are assigned to assessment criteria to indicate their
relative importance. All the locations on the j-th criterion map are
assigned the same weight of wj. The order weights are associated with
the criterion values pixel-by-pixel. They are assigned to the attribute
value of the i-th position in a decreasing order without considering the
criterion map the value is derived from.
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By different sets of order weights, a wide range of OWA operators
may be generated, including the most common map combination pro-
cedures in GIS environment: the WLC and Boolean overlay operations,
like the intersection (AND) and union (OR) (Yager, 1988; Malczewski
et al., 2003; Malczewski, 2006).

The AND and OR operators represent the extreme cases of OWA and
correspond, respectively, to the MIN and MAX operators. The order
weights associated with the MIN operators are: vn=1, and vj=0 for all
other weights. Given the order weights, OWAi(MIN)=MINj(ai1,ai2,…,ain),
subsequent weights are associated with the MAX operator: v1=1, and
vj=0 for all other weights, and consequently OWAi(MAX)=MAXj

(ai1,ai2,…,ain). Assigning equal order weights (such as, vj=1/n for
j=1,2,…,n), we obtain the conventional WLC, which is found at the
central point in the continuum between the MIN and MAX operators
(Yager, 1988), so that:

(2)

Order weights: the use of fuzzy linguistic quantifiers
As explained above, the OWA combination procedures involve two

series of weights, namely criterion weights and order weights. The for-
mer may be calculated by different methods (Malczewski, 1999, 2006),
including, for example, the AHP method, while for order weights it may
be useful to use linguistic quantifiers as an expression of the human
language in the computer-human interaction (Malczewski, 2006).

Given a set of criterion maps and a fuzzy linguistic quantifier Q, we
can implement a procedure to combine criteria on the basis of a state-
ment concerning the relationship between the evaluation criteria
(Malczewski, 2006). For instance, the combination procedure may be
guided by an instruction like: most criteria should be satisfied, or at
least half the criteria should be satisfied, or all criteria should be satis-
fied, etc. This type of procedure is indicated as quantifier-guided multi-
criteria evaluation (Yager, 1996).

Based on the type of linguistic quantifier, we may distinguish
absolute and relative (or proportional) linguistic quantifiers (Zadeh,
1983). Statements like at least about 4, about 5, nearly 10, no more than
10, over 5, etc. provide examples of absolute quantifiers. Relative quan-
tifiers indicate a proportional amount, such as most, many, a few,
almost all, about half, about 60%, etc. They may be represented as fuzzy
sets in the unit range [0,1] where 0 means 0% and 1 means 100%.
Therefore, if Q is a linguistic quantifier, it may then be represented as
a fuzzy set Q of the range [0,1] where for each pŒ[0,1], Q(p) indicates
the degree of compatibility of p with the concept indicated by Q. For
instance, if Q is most and if Q(0,95)=1, it would mean that 95% is fully
compatible with the idea transmitted by the linguistic quantifier most,
whereas Q(0,60)=0,75 would indicate that 60% is only 0.75 compatible
with the notion of most.

There are no empirical rules to demonstrate which one of the two
classes of linguistic quantifiers is more suited to the multi-criteria
evaluation. Malczewski proposes a set of proportional quantifiers
known as regular increasing monotone (RIM) quantifiers (Yager, 1996;
Malczewski, 2006). To identify the quantifier we use one of the sim-
plest and more widely used methods to define a sub-set parametrised
in the unit range (Yager, 1996), so that Q(p)=pa, a>0, where Q(p) is
represented as a fuzzy set in the [0,1] range. We can thus generate a
whole family of RIM quantifiers. Table 1 shows a selection of RIM quan-
tifiers and their features. By modifying the a parameter, we can gener-
ate different types of quantifiers and operators associated with the two
extreme cases All and At least one. For a=1, Q(p) is proportional to � so
that it is indicated as Half quantifier (identity). For a tending to zero,
the Q(p) quantifier approaches the extreme case of At least one, which

corresponds to the MAX operator. For a tending to infinity, the Q(p)
quantifier approaches the extreme case of All, which corresponds to
the MIN operator.

The notion of fuzzy quantifiers provides a method to generate order
weights (Malczewski, 2006). Weights are based on the RIM quantifier.
They are defined as follows (Yager, 1996):

(3)

It is important to note that in the multi-criteria evaluation proce-
dures in a GIS environment, the criterion weights typically have the fol-
lowing property: Sn 

j = 1 wj =1. Hence, S
n 
j = 1 uj =1 and the previous equa-

tion may be simplified as:

(4)

so that the order weights vj derive from criterion weights, wj. Given the
criterion weights, vj, and order weights, vj, the quantified-guided OWA
is defined as follows (Malczewski, 2006):

(5)

The OWA calculated in a GIS environment supplies a tool to gener-
ate a wide range of decision-making strategies (alternative models of
land use suitability) by specifying an appropriate linguistic quantifier
(the parameter) and the set of weights associated to the OWA. The
positions of OWA operators may be identified in the continuum that
goes from the quantifier All to the quantifier At least one. There are two
measures commonly used to identify the position of the OWA operator:
the measures of tradeoff and ORness (Yager, 1988, 1996; Jiang and
Eastman, 2000; Malczewski, 2006).

The tradeoff is a compensation measure (substitutability criterion).
It indicates how much a poor performance on a criterion may be com-
pensated by a good performance on other criteria being considered
(Jiang and Eastman, 2000; Malczewski, 2006). Hence the measure of
the tradeoff is within the [0,1] range, so that 0 indicates the lack of
compromise between criteria, whereas 1 indicates a full compromise
(Table 1). The measure may be interpreted as the degree of scattering
of OWA weights. In particular, the degree to which weights are uni-
formly distributed among all criteria controls the level of overall com-
promise between the criteria (Malczewski, 2006).

The position of the OWA in the continuum between the quantifier
All and At least one may also be identified by specifying the degree of
ORness (or degree of risk) (Yager, 1988, 1996; Malczewski, 2006). Also
in this case, the degree of OR required goes from 0 (risk-averse, oper-
ator MIN, AND) to 1 (risk-taking, operator MAX, OR). As indicated in
Table 1, the degree of ORness is also linked with the RIM quantifier. In
particular, we can obtain different degrees of ORness by modifying the
parameter a (Yager, 1988, 1996): the risk shifts from 0 to 1 for a that
changes from infinity to zero (from All to At least one).

It is, therefore, evident that the space of the decision-making strate-
gy is also defined by the two OWA measures, namely tradeoff and
Orness (Figure 1).

Case study area
Bordering on the main regions in southern Italy (i.e. Campania,
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Puglia, Calabria), the region of Basilicata has a geographical area of
999,224 ha, with, according to 2011 national census statistics, a popu-
lation of 578,036 inhabitants (ISTAT, 2011). It is mostly rural with two-
thirds of the population being concentrated in the few large urban cen-
tres. This explains the low regional population density (58.7 inhabi-
tants per km2), well below the national average (approx. 201 inhabi-
tants per km2).

The territory of Basilicata (also called Lucania) shows wide morpho-
logical differences, ranging from the limestone base of the Murge hills
and the Bradano depression in the north-east to the mountainous and
hilly areas of the Apennine range, characterised by ridges running in a
NW-SE direction, and to the Ionian coastal plains (AA.VV., 2006).

Climatic conditions are specifically related to the complex orography
of the region. This is marked by very sharp differences in elevation
ranging from sea level to over 2200 m, and by its geographical position,
surrounded as it is by three seas: the Adriatic to the north-east, the
Tyrrhenian to the south-west, and the Ionian to the south-east. As
pointed out by Cantore et al. (1987), a large portion of the territory
shows typically Mediterranean features (Ionian coast, Bradano depres-
sion and Murge hills around Matera), with areas above 800 m asl char-
acterised by a temperate-cool climate with quite dry summers.

Average annual rainfall ranges from 529 to approximately 2000 mm
and is concentrated in the south-west area of the region, since the
Apennine range intercepts most of the Atlantic weather perturbations
that enter the Mediterranean. The months with the highest rainfall are
November and December, while the driest are July and August, when

severe drought spells are frequent. 
There are large seasonal variations in temperature with very hot

summers and very cold winters. The coldest month is usually January
with an average temperature between �4 and 7°C.

The total agricultural area is estimated to be 489,229 ha (48.96% of
the regional surface area) and the area used for agriculture is equal to
368,726 ha, of which 57.72% is used to grow arable crops (mostly under
rain-fed conditions) and 10.77% for orchards, mostly located in hilly
areas. The remaining surface (31.28%) is under permanent grassland
and meadows mainly located in mountain areas, with 2009 ha cropped
with deciduous trees and only 30.74 ha with energy crops (ISTAT,
2010). Forest areas present an extremely natural environment with
mosaic landscapes made up of many endemic species and intercrop-
ping. Forested areas cover 354,895 ha, with a forest area index equal to
35.6% (INEA, 2006). In terms of species distribution, the most repre-
sentative physiognomic categories include mesophilic and meso-ther-
mophilic oak woods that account for 51.8% of the total forest area. This
is followed by beech woods (8.4%), the Mediterranean maquis (7.9%),
thermophilic shrubs (6.9%), and other broad-leaved forests (5.5%).

Study area profiling 
Profiling of the case study area was carried out entirely in a GIS envi-

ronment. Georeferenced raster layers (100 m resolution) were created
for each single environmental factor under investigation using Gauss
Boaga East, on Monte Mario Roma 1940 datum as geographical refer-
ence system. 
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Table 1. Features of regular increasing monotone to select the value of parameter a.

Quantifier (Q) a� GIS combination procedures ORness Tradeoff

At least one aÆ0 OWA (OR, MAX) 1.0 0.0
At least a few a=0.1 OWA * *
A few a=0.5 OWA * *
Half (identity) a=1 OWA (WLC) 0.5 1.0
Most a=2 OWA * *
Almost all a=10 OWA * *
All aÆ∞ OWA (AND, MIN) 0.0 0.0*
GIS, geographical information system; OWA, ordered weighted averaging; OR, MAX, AND, MIN, Boolean operators; WLC, weighted linear combination. *These measures are a specific problem.

Table 2. Environmental factors under analysis.

Factor Unit

Average annual precipitation mm
Average precipitation in summer months mm
Mean annual temperature °C
Mean temperature in the coldest month °C
Elevation m asl
Slope %
Soil depth* cm
Carbonates* % of CaCO3

Soil reaction* pH
Soil texture* Textural classes
*Values grouped in classes (Table 3). CaCO3, calcium carbonate.

Figure 1. Space of decision-making strategy: relationship between
tradeoff and ORness measures.
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The environmental factors (criteria) used in the geographical infor-
mation system (Table 2) are closely related to the ecological and crop-
ping needs of the species under investigation, with special reference to
the elevation profile, the water, temperature, edaphic and cropping
requirements (crop mechanisation) (Table 3).

In the present paper, and for the purpose of analysis, among the many
species suitable for energy crops (El Bassam, 2010) we identified the woody
species that, on the basis of several research experiences, have been shown
to be more suitable for short rotation forestry (SRF) in Italy (Mercurio and
Minotta, 2000; Bergante and Facciotto, 2006; Facciotto et al., 2006; Minotta
et al., 2007), such as Eucalyptus camaldulensis Dehn, Populus x euroamer-
icana Guinier, Robinia pseudoacacia L. Salix alba L. The analysis also
involved the production of the regional forest map and land use map (con-
straints) for the purpose of identifying only the areas potentially destined
for SRF intervention. Those soils whose potential use was not suitable for
SRF were excluded. These included artificial areas, permanent crops
(orchards, vineyards, olive groves), woodlands, wetlands and water bodies.

Analysis of land use suitability
The analysis of land use suitability for SRF planting was made using

a geographical analysis model, where environmental evaluations are
made through the joint use of MCA techniques and GIS. In a complex
decision-making context, the previously described method allows for
different alternatives to be considered, achieving a result that complies
with the decision preferences that have been specified through a well-
defined sequence of processes (Figure 2). 

Once the criteria required for the specific analysis are identified,
they are subsequently standardised using fuzzy spatial functions
(Figure 3). These are chosen on the basis of the type of data treated
and the uncertainty associated with it. Therefore, new raster images
were obtained with the suitability values [0,1] of the species to the
area, based on each single environmental factor considered.

Once criteria have been standardised, the previously described
method requires the calculation of two series of weights: criterion
weights and order weights. The former have been calculated by the AHP
method by making a pair comparison using the Saaty matrix (Saaty,
1980). The identification of fuzzy functions and the allocation of crite-
rion weights for each factor under analysis have been based on the
evaluation made by a team of experts in agronomy, arboriculture, soil
chemistry and soil science. The order weights, whose calculation part-

ly depends on criterion weights, have been determined by making use
of RIM linguistic quantifiers using the method proposed by Malczewski
(2006). The procedure requires arranging criteria based on their value
(criterion value) in decreasing order for arranging criterion weights.
Since criteria are represented by raster images constituted by the same
number of pixels but of different values, it may be assumed that the
representative value for each single raster image is represented by the
average value of all pixels. Once the average is calculated for each cri-
terion, values are arranged and criterion weights are determined
accordingly. The next step concerns the calculation of order weights
(Eq. 4) on the basis of criterion weights and of the � value representa-
tive for each linguistic quantifier Q (Table 1), thus obtaining a set of
order weights (e.g. Annex 1).

By implementing the model and incorporating the constraints under
consideration, seven suitability maps were obtained for each single
species relating different OWA operators, including AND, OR operators
and the conventional WLC.

Article

Table 3. Representative value for each class.

Carbonates Reaction
Class CaCO3 (%) Value Class pH Value

Non calcareous <0.5 1 Very acid <4.5 1
Very weakly calcareous 0.5-1.0 2 Acid 4.5-5.5 2
Weakly calcareous 1.0-5 3 Sub-acid 5.6-6.5 3
Moderately calcareous 5-10 4 Neutral 6.6-7.3 4
Very calcareous 10-25 5 Sub-alkaline 7.4-7.8 5
Strongly calcareous 25-40 6 Alkaline 7.9-8.4 6
Extremely calcareous >40 7 Very alkaline 8.5-9.0 7

Depth Texture

Class Depth (cm) Value Class Soil type Value
Very fine <25 1 Coarse S, LS 1
Fine 25-50 2 Moderately coarse SL 2
Moderately deep 50-100 3 Medium L, ZL, Z 3
Deep 100-150 4 Moderately fine SCL, CL, ZCL 4
Very deep >150 5 Fine C, SC, ZC 5
CaCO3, calcium carbonate; S, sand; L, loam; Z, silt; C, clay.

Figure 2. Layout of the analytical model. OWA, ordered weighted
averaging.
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Figure 4 shows an example of the seven alternative maps of land use
suitability for the development of the woody species under analysis.
Each map is associated with a linguistic quantifier, a parameter �, and
with different measures of tradeoff and ORness. The figure associated
with the fuzzy linguistic quantifier All (MIN operator) represents the
worst suitability scenario in which the lowest values are assigned to
each pixel. By reducing the value of parameter a from �aÆ�∞ to a=1
the ORness degree increases from 0 to 0.5 and tradeoff from 0 to 1. This
involves an increase in suitability values for each pixel (increasingly
optimistic scenario). The suitability map associated with the linguistic
quantifier Half (a=1) represents the strategy corresponding to the
conventional WLC. Such a strategy is characterised by an ORness of 0.5
and a full tradeoff. By reducing the value of a from 1 to 0 there is an
increase in the degree of ORness and a reduction in the degree of
tradeoff; the figure associated with the fuzzy linguistic quantifier At
least one (MAX operator) represents the most optimistic scenario of
land use suitability for energy crops. This scenario corresponds to the

OR operator with ORness equal to 1 and tradeoff to 0.
Hence considering the linguistic quantifiers and different ORness

and tradeoff degrees the decision maker can identify the best solution
according to the specified decision needs.

Results

Given the lack of experimental fields of energy crops in the region, it
is difficult to test the model and select which one among the maps
obtained is most suited to represent the real-life scenario, as carried
out for the land use suitability analysis for SRF at a national level
(Salvati et al., 2007). So the choice of the most representative map of
each single species is based on consideration of the ecological and
cropping needs, the ORness degree, and the distribution of correspon-
ding suitability values.
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Figure 3. Fuzzy membership functions representative of land suitability for cultivation of target species as influenced by the environ-
mental factors under analysis.
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The success of SRF planting depends on the fact that the species can
find the best climatic and edaphic conditions (soil type and summer
drought, in particular) and that plantation management is optimal, also
taking into account cropping requirements (i.e. mechanisation and
lack of irrigation). It is evident that the higher the number of criteria
considered in the analysis the more reliable the result. The linguistic
quantifiers that best express this concept and that have contributed to
the calculation of order weights are: all criteria should be satisfied (All
quantifier), almost all (Almost all) and most (Most). Moreover, these

quantifiers are associated with a low ORness degree (low risk).
Considering that shifting from 0 to 1 ORness values ranges from high-
er risk-aversion to higher risk propensity, and given the absence of
field experimental data to test the model, the choice of the three quan-
tifiers is obviously justified for the low associated risk.

Lastly, in order to choose the most appropriate among the three maps
relating different quantifiers, an analysis was carried out to assess the
distribution of map suitability values. As we can clearly see in different
box plots (Figure 5) the final choice of the map associated with the

Article

Figure 4. Maps of land use suitability for planting Populus x euroamericana: A) all; B)
almost all; C) most; D) half; E) a few; F) at least a few; G) at least one.
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Most quantifier is justified by the fact that it shows a wide range of
suitability values with quite a uniform distribution. For a clear inter-
pretation of results, obtained through the OWA model, the values have
been discretised using other types of linguistic quantifier (Chen et al.,
1992). They constitute a sound and well-consolidated tool for the con-
version of cardinal values into quality attributes. By using them, it is
indeed possible to give a mathematical representation of a linguistic
term. Thus, it has been possible to consider as unsuitable the territo-
ries with values in the 0-0.77 range and as suitable the values in the
0.77-1 range. 

Through a re-classification of maps it has been possible to identify
only the suitable soils with a surface area equal to 4659 ha, 8847 ha and
8225 ha, respectively, for eucalyptus, poplar and black locust, against
the 641,808 ha available for SRF in the region; instead, the willow
showed no suitability.

Maps were later overlapped so as to identify, from among the three
species that resulted suitable, the most appropriate to SRF in the
region. Moreover, in the areas that could be fit for different species, pri-
ority was given to eucalyptus for its higher winter-hardiness in
Mediterranean environments and its greater resistance to diseases as
compared to poplar; this was followed by poplar and black locust.

Results show that the areas occupied by poplar and eucalyptus
remain unchanged, namely 8847 ha and 4659 ha, respectively, whereas
a loss was observed for the black locust to which a low priority was
associated in the areas fit for several species, with an occupied surface
area of 4742 ha.
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Figure 5. Box-plot: distribution of suitability values in different scenarios for the four species considered. A) E. camaldulensis; B) P. x
euroamericana; C) R. pseudoacacia; D) S. alba.

Figure 6. Suitability level of the area of the Province of Potenza for
short rotation forestry.

A B

C D

Non
-co

mmerc
ial

 us
e o

nly



[page 166] [Italian Journal of Agronomy 2013; 8:e21]

The results of the model developed (Figure 6) have indicated that,
following the peculiarities of the territory characterised by great cli-
matic differences due to the orographic complexity, eucalyptus has
resulted suitable for the areas classified as having a Mediterranean cli-
mate, especially for summer drought levels, such as the Metaponto (6)
and Melfi (1) plains. On the contrary, poplar and black locust resulted
suitable for the areas with continental characteristics on the Apennine
ridge, where most annual precipitation is concentrated and the average
annual temperatures do not allow the development of species like euca-
lyptus, especially on the plains underlying the Vulture mountain (2), in
the wide valleys of the Agri (3) and the Lagonegro (4), and on the
Tyrrhenian side of the region (5).

This evidence goes some way to confirm the effectiveness of the
applied method in large-scale land planning models.

Conclusions

This article proposes a model of land use suitability analysis by
means of linguistic quantifiers in GIS. The natural language is the
major tool for human communication so that these fuzzy (or linguistic)
quantifiers constitute a chief means of computer-human interaction. It
has indeed been possible to translate specific mathematical expres-
sions into a formal language that has then resulted in the formulation
of OWA procedures. The work has shown how a wide range of multi-cri-
teria strategies can be obtained by the application of appropriate lin-
guistic quantifiers, including the conventional overlay and WLC
Boolean operators. A linguistic quantifier can best represent the quali-
ty information of the decision maker in relation to his or her percep-
tion of the relationship of different evaluation criteria, in particular
when a high number of criterion maps are involved in the analysis.

In these circumstances it is difficult, if not impossible, to make
choices and establish the most effective methodology. The quantifier-
guided OWA allows the decision maker to explore different decision
strategies or scenarios, promoting a better understanding of the alter-
native models of land use suitability. In fact, this case study has con-
firmed that choosing the most suitable areas for planting specialised
energy crops requires analysis of a large number of different criteria.
However, we were able to obtain seven alternative suitability scenarios
to choose from, according to the specific needs of the decision maker.
Indeed, after comparing the maps, the quantifier Most was chosen
because it seemed to best represent the kind of analysis carried out in
relation to the high number of criteria associated with the environmen-
tal factors required to ensure the growth of a tree species. Moreover, as
the model could not be tested due to the lack of experimental fields, the
choice has also been justified for its low level of ORness association. 

Different scenarios are also available, so that, assuming the needs of
the decision maker may change, the choice can be directed towards
other scenarios. For example, if irrigation is to be applied, you may
assume you take a higher risk connected with the analysis and you con-
sider less criteria which, however, are not excluded from the analysis
itself. Therefore, the choice can concern the scenarios Half (corre-
sponding to the conventional WLC) or A few, both characterised by a
higher ORness, the former also being distinguished by a full tradeoff.

Furthermore, based on the knowledge of the area concerned and of
the subject under study, as well as the associated risk, it is possible to
identify beforehand the linguistic quantifier that will result in the OWA
procedures, without implementing necessarily different scenarios.

In our case study, having identified eucalyptus, poplar, black locust
and willow species for SRF due to their ecological features which make
them suitable for the area under analysis, and considering that their
growth is actually ensured by a high number of ecological factors, we

could have chosen directly the quantifier Most that fully expresses this
concept and carried out the land use suitability analysis, partly consid-
ering the low risk associated with it, in the absence of experimental
fields that could provide indications on the suitability of those species.

The proposed methodology is shown to be very flexible compared to
other MCA methods, in particular for the possibility to make the choice
in qualitative rather than quantitative terms, which are often difficult
to characterise. Although it is true that in the quantitative OWA the cal-
culation of order weights is made in relation to the ORness degree, it
is not always easy to choose the value of the latter, notably in land use
analysis models, whereas it is much easier to express choices in lin-
guistic terms as regards the number of criteria to consider, taking into
account that each quantifier is associated with different ORness and
tradeoff levels.
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