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Abstract: Land-use fragmentation is an important issue for land management and rural
development. For the last few decades, the relationship between mankind and land has
become more dynamic though the traditional cadastral system has been slow in responding
to the changing needs of society. Associated with land-use fragmentation, there are different
sizes of land parcels with different biophysical characteristics that will dictate different land
management decisions, and, in many countries, it is a problem that constitutes a challenge
for correct land management. This article proposes a compromise programming approach
for determining the biophysical potential of land parcels. This approach was implemented
in Loulé municipality, Portugal, in more than 50,000 parcels. Results were promising
since the approach was able to build a ranking of parcels that have different biophysical
conditions, proving that this approach is relevant and interesting for land management.

Keywords: land use fragmentation; biophysical conditions; geographical information
system; compromise programming; one-way ANOVA; spatial analysis

1. Introduction
The land register is a parcel-based land information database that integrates the rights,

restrictions and responsibilities existing within the territory [1]. National agencies who are
responsible for conducting these surveys are in a good position to manage the development
of the landscape [2]. In recent years, the relationship between society and land has become
dynamic and interconnected. Nevertheless, the cadastral system is slow in answering the
needs of governments, companies and society [3]. Understanding the concepts of land
parcel boundaries implies knowing land descriptions [1,4]. Therefore, land register is a
multipurpose tool that helps efficient land markets, protects land rights, supports long-term
land management [5] and is a crucial component of land administration [1].

Land is a scarce resource, subject to different interests and objectives [2]. Therefore,
land administration is regarded as a component of the infrastructure that allows the
interaction of society with land, aiming for sustainable development of the territory. Land
administration integrates the efficiency of land markets, land valuation and taxation with
different uses of land [2]. Therefore, studying the biophysical potential of each of the
land parcels is an important issue that is related to understanding its impact in land
fragmentation. This is crucial in Portugal, namely, in areas where the cadastral registry was
recently carried out, as is the case of Loulé municipality, which is an area where there are
very conflicting uses (namely, agriculture and urbanism), and the potential of each land
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parcel should be carefully analyzed to understand land fragmentation and better managing
the territory considering the conflicting activities. In this municipality, the biophysical
potential needs to be defined for agricultural and forest uses. Usual biophysical suitability
maps constructed using the additive weighted sum of biophysical scores [6–8] are limited
because they do not prevent the fact that there may be several criteria with low values
masked by one with a considerable high value. Considering the most balanced situation
is an interesting proposal, since it allows respecting minimum requirements for several
biophysical criteria, overpassing the limitations identified.

Moreover, different criteria may have different relevance for building biophysical
suitability maps, and the opinion of stakeholders and experts may need to be integrated.
Finally, the statistical relations among land parcel size and biophysical indexes need to
be analyzed.

Therefore, the following research problems were formulated: (1) to develop a suitabil-
ity biophysical map method that, considering land uses, should be able to integrate not
only the best aggregated solution of suitability but also to provide information on the most
balanced one; (2) to integrate stakeholders’ and managers’ preferences; (3) to establish a
relation among land register parcel size and biophysical suitability; and (4) to define the
typologies of biophysical suitability conditions.

Geographical Information Systems (GISs) are increasingly recognized as valuable tools
for land-use identification and the creation of biophysical suitability maps. GIS platforms
facilitate the retrieval, processing and manipulation of data to analyze and visualize various
quality indices relevant to land suitability [9]. Land-use suitability tries to identify the
correct spatial pattern for future land uses considering requirements and preferences for
the activities to be developed within the territory [10,11]. The GIS suitability analysis has
been implemented in a wide variety of problems, which include the ecology, geological
favorability, and suitability of land for agricultural activities [11].

Multi-criteria decision analysis (MCDA) has been widely employed in numerous
research endeavors and decision-making contexts. Fundamentally, a multi-criteria decision
problem involves a set of alternatives that are assessed against various criteria based on
the decision-maker’s preferences [12]. Spatial raster GIS models can effectively integrate
diverse criteria to generate maps that support informed decision making [13], offering a
standardized framework for evaluating multiple management options.

In the context of MCDA, several approaches allow weighting criteria. Pairwise com-
parison is a commonly used and relevant approach for defining the relative importance of
several criteria [14]. One of the most widely applied pairwise comparison techniques is
the AHP (analytical hierarchy process), which is based on the human ability to estimate
magnitudes using pairwise comparisons of criteria. In more recent studies, the authors
of [14] introduced an extended goal programming (EGP) approach for aggregating pairwise
comparison matrices. This methodology has subsequently been applied by the studies
of [15–17]. Regarding the aggregation of criteria, various approaches exist [18], ranging
from simple methods like weighted averages to more complex techniques. One interesting
technique is compromise programming, which has been implemented in several studies
for sustainability analysis [19–22]. Notably, compromise programming [19–22] has not
been previously applied to the assessment of biophysical land parcel suitability. Forest and
agricultural, biophysical land suitability should consider not only the best aggregate but
also the distribution and equilibrium among the several indicators considered. Therefore,
compromise programming offers several operational advantages, since it considers the
“maximum aggregate biophysical potential” (an engineering solution) and the “most bal-
anced biophysical potential” (a balanced solution), besides allowing us to identify several
intermediate solutions.
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Furthermore, the authors of [21,22] proposed an entropy-based approach, incorporat-
ing the information index, to enhance the outcomes of their research. However, the authors
did not explore the information index as a standalone criterion for selecting the most bal-
anced solution. The information index, originating in the field of physics, was introduced
by Shannon in information science as a function to quantify uncertainty. Additionally, the
simultaneous consideration of both the most balanced solution and the information index
could potentially yield valuable insights. These authors also proposed simultaneously
solving the compromise programming model for dealing with about 300 units, but the
considerable number of biophysical units that involves the biophysical suitability maps
still poses a challenge for implementing a compromise programming model in biophysical
suitability analysis.

To analyze the relations between land parcels and the resulting biophysical suitability
scores for agricultural and forest uses, and, if they are statistically significant, methods
such as bivariate correlations and statistical tests may be used. Moreover, clustering
techniques may be used to classify the territory considering its biophysical characteristics.
Clustering is a fundamental task within the field of data mining, employed to identify
distinct groups or patterns within a dataset. Clustering algorithms partition data into
subsets based on similarity or dissimilarity measures, such that elements within a cluster
exhibit a greater degree of similarity to one another compared to elements belonging to
different clusters [23].

This paper proposes a novel approach that uses MCDA to build biophysical maps,
in combination with statistical techniques, namely, multivariate and statistical analysis
(bivariate correlation and ANOVA—Analysis of Variance) in a GIS environment that
presents several innovations regarding previous studies [19–22]. A new compromise
programming approach is presented and implemented, using as a case study the biophysi-
cal suitability of the rural cadastral registry parcels of Loulé municipality, providing results
that not only allow us to account the best aggregated suitability but also the most balanced
one. The most balanced suitability is analyzed using both the maximum deviation and
the information index, resulting from an entropy function. Intermediate results from the
three solutions may also be obtained as well as a trade-off among them. Therefore, this
approach has several operational upgrades regarding the existing indexes [19–22] as it
allows dealing with a considerable amount of data using compromise programming, and it
introduces cluster analysis and statistical tests to better analyze the results.

Therefore, the main objectives of this work are as follows: (1) to create clusters of
parcels according to their biophysical characteristics; (2) to analyze the biophysical suit-
ability of parcels for agricultural uses by means of a compromise programming approach;
(3) to identify possible relations between the biophysical suitability indexes and the parcel
size; and (4) to test if the biophysical clusters have influence in the biophysical suitability
indexes created and if the difference in the clusters indexes are statistically significative.

The remainder of this paper is organized as follows: in Section 2, the materi-
als and methods are presented; in Section 3, the empirical implementation is detailed;
Section 4 presents the results and Section 5, the discussion. Finally, Section 6 presents the
concluding remarks.

2. Materials and Methods
2.1. Previous Studies

The GIS-based techniques to analyze land suitability have their origins in the early
20th century in the applications of hand-drawn overlay techniques by landscape archi-
tects [11]. The development of GIS-based methodologies for land-use suitability analysis
has significantly advanced over the past three decades, evolving from traditional map over-
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lay modeling to more sophisticated MCDA techniques and hybrid approaches. Numerous
case studies demonstrate the effective combination of these methods. For example, multi-
criteria evaluation techniques can be synergistically employed with artificial intelligence
techniques. The classical overlay mapping approach remains a widely used technique for
land-use suitability analysis within the GIS environment [11]. Malczewski [24]’s compre-
hensive review of GIS-MCDA approaches in the literature, examining 319 papers, reveals
that 47.6% of the studies focused on raster data-based research, while 47.0% explored
vector-based analyses. More recent studies approach specific problems. Fathi et al. [25]
reviewed the GIS-MCDA suitability mapping methods to manage aquifer recharge located
in semi-arid regions. Villacreses et al. [26] reviewed GIS-MCDA methods to consider the
installation of photovoltaic solar farms. Aazagreyir et al. [27] presented a review and
critical assessment of studies on GIS-based fuzzy MCDA in the last decade. Despite these
developments, and, as already pointed out by Malczewski [11], in his review of GIS-based
land-use suitability, a significant limitation of these techniques is the lack of mechanisms to
effectively incorporate subjective value judgments into the GIS.

To solve this problem, Malczewski [24] mentioned that there are several GIS-MCDA
approaches that allow the definition of weights. The analytical hierarchy process (AHP) is
one of these approaches. It can be used to define the weights associated with map layers,
and the weights can be combined to construct a multi-attribute map. Finally, the AHP can
be used to aggregate the priority for all levels of the hierarchy to represent the alternatives.

The analytical network process (ANP) has also been used in several studies [28–30],
and one promising technique still not used to its full extent in a GIS analysis is the extended
goal programming (EGP) approach for the aggregation of “pairwise” comparison matri-
ces, developed by González-Pachón and Romero [14] and implemented by Diaz-Balteiro
et al. [15] and Nordström et al. [16]. The method allows dealing with situations without
satisfactory conditions regarding reciprocity and consistence [14,15].

Several studies across diverse research domains have integrated GIS-MCDA ap-
proaches to conduct suitability analysis and site selection. Graymore [31] developed
a GIS-based decision support system to assess sustainability in Victoria, Australia. De Feo
et al. [32] proposed a methodology combining MCDA with geographical information to
evaluate the suitability of solid waste facility locations, introducing a preliminary screening
phase to identify potentially suitable areas based on various plant types. Jaiswal et al. [33]
applied Saaty’s AHP to prioritize vulnerable areas within a watershed. Kidd et al. [34]
created suitability maps to identify potential areas for expanding or diversifying crop
enterprises. Wordley et al. [35] utilized habitat suitability models (HSMs) for bat habitats
in the Western Ghats of India. Demesouka et al. [36] presented a map-based, interactive
Spatial UTA (UTilités Additive)-or S-UTA for ranking candidate sites for wastewater treat-
ment. El Baroudy [9] developed a GIS-based spatial model for assessing land suitability for
wheat cultivation. Danvi et al. [37] adopted the FAO parameter method and guidelines for
land evaluation, implementing a GIS-based approach to evaluate and integrate biophys-
ical factors such as climate, hydrology, soil, and landscape. Massei et al. [38] proposed
an MCDA-GIS integration, incorporating several MCDA techniques into an extension
of GRASS GIS 6.4, facilitating the application of suitability analysis. Khodakarami [39]
conducted a study on sustainability assessments at the neighborhood scale in Isfahan
Metropolitan, utilizing an integrated framework of spatial modeling and MCDA. Akpoti
et al. [40] reviewed the agricultural land suitability analysis (ALSA) approaches for crop
production. Matos et al. [8] proposed a GIS-MDA for identifying the most suitable com-
pressed air energy storage reservoirs, where the aggregation was performed using the
simple additive weighting (SAW) method. Wijesinghe and Withanage [41] studied the
land suitability for crop production in Thalawa DSD, Sri Lanka, using GIS combined
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with analytical hierarchy process (AHP). Fadafan et al. [42] used GIS-MCDA to study
the mountain tourism and a weighted linear aggregation for combining the criteria. Shi
et al. [43] used a combination of spatial analysis and machine learning to assess crop yield
stability over a 20-year period. The goal is to maximize biogas yield from agricultural
byproducts. Rojas-Briceño et al. [44] used the analytic hierarchy process (AHP), maximum
entropy (MaxEnt), and a combined AHP-MaxEnt approach to rank and to create a model
showing areas suitable for sustainable cocoa production. Nungula et al. [45] combined the
AHP and GIS to create crop suitability distribution maps for bean and cassava production.
The weighted sum was used to aggregate the criteria and create the suitability maps. del
Mar Esponda-Bernal et al. [7] identified the potential of crops integrating fuzzy suitability
functions and aptitude criteria weighting, drawing on the analytical hierarchical process.
Final aggregation of criteria was performed using a weighted sum.

Regarding compromise programming (CP) to build ranks, there are quite fewer stud-
ies. Diaz-Balteiro et al. [19] proposed a CP approach for constructing a sustainability
ranking of the paper industry in several EU countries. Diaz-Balteiro et al. [20] applied the
same methodology to circular economy and considered three different decision rules: aver-
age achievement, balanced achievement in terms of proximity to the ideal, and balanced
achievement in terms of distance to the anti-ideal. Costa-Freitas et al. [21] also implemented
a CP approach to the analysis of sustainable water use in Portugal. They introduced an
entropy approach for improving the results of the ranking. Xavier et al. [22] used a com-
promise programming approach for studying the agricultural sustainability of Portuguese
municipalities in the last decade, which was improved using an entropy approach.

Fragmentation of rural property can hinder efficient land management because it
prevents economies of scale in the use of resources. Regarding land fragmentation indices,
Heider et al. [46] introduced the Fragmentation Index for Drip Irrigation and Distance
Assessment (FIDIDA) utilizing GIS. Ciaian et al. [47] investigated the impact of land
fragmentation on production diversification in rural Albania, employing the Simpson index
to analyze fragmentation. Austin et al. [48] quantified land-use fragmentation and its effects
on food production, based on data from 125 families distributed across 12 communities in
Umuahia, Nigeria. Wei et al. [49] developed a quantitative and intuitive index approach
to analyze the characteristics of land fragmentation for construction purposes in urban
areas of China. Demetriou et al. [50] proposed a novel ‘global land fragmentation index’
that integrates a multi-attribute decision-making method with a GIS. Liang and Zhou [51]
used a case study in China for analyzing land fragmentation and its factors. Zhao and
Feng [52] analyzed land fragmentation in Shaanxi province, China. They used the entropy
weight method (EWM) to construct a comprehensive fragmentation index of cultivated
land (CLFI). Su et al. [53] studied the driving factors of land fragmentation using as a case
study a Chinese province. They introduced the cultivated land fragmentation index (CLFI)
to analyze land fragmentation.

2.2. The Methodological Approach

The methodological approach considers the previous studies [19–22]. Also, several
GIS-MCDA studies were considered, mainly [31,32,35,36,38,39,44]. For the statistical meth-
ods, ref. [54] was considered as reference. Figure 1 presents the methodological approach
designed for this study.
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Figure 1. The methodological approach.

The proposed approach is divided in several steps:

(1) In the first step, a database screening of the available information was carried out.
Then, according to the available information, the most relevant criteria for studying
the biophysical suitability of parcels were selected. Their values were divided in
5 classes, which were then normalized according to the potential. The normalization
determines values between 1 and 5, in which 5 represents the most suitable conditions
for agriculture and forest development and 1 the least suitable.

(2) In the second step, a cluster analysis was carried out regarding the different biophysi-
cal conditions, using the normalized data. A K-means clustering method was chosen
due to its simplicity and objectives of this study.

(3) In the third step, the weights of each indicator were defined, and a ranking analysis
was implemented. The indicators were normalized using a MIN-MAX procedure
for ranging between 0 and 1. A compromise programming approach considering
simultaneously the best aggregated solution and the most balanced one accounting
for the minimum maximum deviation and the information index was implemented.

(4) In the fourth step, the statistical methods were carried out. A correlation matrix
between the indexes and the size of the parcels was presented. A one-way ANOVA
allowed us to analyze the influences of the clusters in the average indexes and if the
average among clusters were statistically significant.

The model formulation is as follows:
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(1) The criteria selection follows a qualitative valuation by experts, which defined 5 classes
of potential and associated them with the codification from 1 to 5, where 1 means a
low suitability and 5 a very good suitability. Several relevant bibliographic references
were also consulted.

(2) Cluster analysis

The main objective of the cluster analysis is to “group objects into clusters such that
objects within one cluster share more in common with one another than they do with the
objects of other clusters” [55], as the objects were arranged into relatively homogeneous
groups [55].

In this study, a non-hierarchical clustering method will be used. The non-hierarchical
clustering methods are intended for grouping objects in a specific number of clusters
defined by the analyst [54]. K-means clustering is an unsupervised machine learning
algorithm that partitions a dataset into distinct clusters. The parameter ‘K’ represents
the desired number of clusters. The algorithm categorizes data points into K groups of
similar characteristics. Euclidean distance is commonly employed as a metric to measure
the similarity between data points.

(3) Ranking analysis definition

The ranking analysis definition will be performed using a compromise program-
ming approach.

After defining the preferential weights, now, we have c territorial units and i indicators,
which will allow for the evaluation of these units. Since the indicators are measured in very
different units, a normalization of each indicator Ric regarding each criterion i and unit c
must be carried out, which will be performed using a MIN-MAX approach [18,19]:

Ric = 1 −
R∗

i − Ric

R∗
i − R∗i

=
Ric − R∗i
R∗

i − R∗i
∀i ∈ {1, 2, . . . , I} and c ∈ {1, 2, . . . C} (1)

where R∗
i is the optimum value of the ith indicator and R∗

i is the worst value achieved by
the ith indicator; Ric elements are the individual normalized indicators i for each unit c.

According to [19], using the normalized indicators Ric, a binary compromise pro-
gramming approach may be implemented, which imply an iterative solution of the model
providing individually the selection of each unit c according to its position in the ranking.

Thus, a linear binary-weighted compromise model may be formulated corresponding
to metric p = 1. By solving the model, the ‘most suitable’ system was obtained in terms
of aggregate biophysical suitability [19,20]. Solving the model to the metric p = ∞, the
‘most balanced’ system was obtained in terms of balanced biophysical suitability [56]. To
overcome this problem, we may join both compromise programming models into one [19].
This is a binary compromise programming approach, considering the trade-off among
metrics L1 and L∞, which allows iteratively ranking construction. The model will run
n times corresponding to the c geographical units considered, which carries out serious
limitations when dealing with thousands of units. Therefore, an approach that allows
simultaneously solving the problem must be used [21,57]. Finally, the results may be
improved using an entropy approach [21,22]. The entropy may also be used as a criterion
for the most balanced distribution, using as reference the information index.

The best aggregated solution, the minimization of the maximum deviation and the
information index offer (for the entropy measure) three different measures that we may
take the utmost advantage. Several authors offer solutions to integrate three criteria. Diaz-
Balteiro et al. [58] proposed a model for EGP and Diaz-Balteiro et al. [20], an extended
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compromise programming model for ranking analysis. Our approach adapts, therefore,
several studies [18–21,58], as follows:

MinCI = ∑C
c=1 CIc (2)

CIc = (1 − λ1)IDc + (1 − λ2)Dc + (1 − λ1 − λ2)∑I
i=1 αic

(
1 − Ric

)
∀c ∈ {1, 2, . . . , C}λ ∈ [0, 1] (3)

αic
(
1 − R ic

)
≤ Dc ∀i ∈ {1, 2, . . . , I} and c ∈ {1, 2, . . . C} (4)

where CIc is the objective function representing a composite indicator of biophysical suit-
ability, which indicates the position in the ranking of territorial unit c; Dc is the maximum
deviation for the i criteria in territorial unit c; λ1 and λ2 are the control parameters and αic

are the weights of the i criteria in territorial unit c.
Equations (2) and (3) allow the minimization of the aggregate objective function

that minimizes the unwanted deviation variables (highest aggregated suitability), the
maximum deviation (D) or the minimization of the information index (ID). Equation (4)
allows calculating the maximum deviation D for each unit c. Please note that IDc was
calculated previously before this model. Final ordering of the ranking was defined using
simple Microsoft Excel functions [57].

When 1− λ1 − λ2 equals one, the best aggregated solution is obtained; when λ1 equals
one and λ2 equals 0, the most balanced/uniform distribution according to the concept of
the information index is obtained; and, when λ1 equals zero and λ2 equals one, the solution,
which minimizes the maximum deviation regarding the ideal, is obtained. For values of
the control parameters λ1 and λ2 such that λ1 + λ2 ∈ [0,1] compromises between the above
three solutions, if they exist, are obtained [58].

(4) Statistical analyses

To identify the correlation among biophysical suitability indexes and the size of the
parcels, a correlation matrix was constructed using the Pearson correlation coefficient with
a statistical significance test.

For analyzing the influence of clusters in the average suitability indexes and if the
differences among them are statistically significant, a one-way ANOVA was implemented.
The ANOVA assumes that all groups share a common standard deviation (or variance)
even when their means are different. If your groups have unequal variances, your results
can be incorrect if you use the classic test. The test to be used will be the Welch’s ANOVA,
which is not sensitive to unequal variances.

3. Empirical Implementation
3.1. The Study Area

The municipality of Loulé, in the district of Faro, is located in the Algarve (NUT II
and NUT III), Portugal. It is bordered to the west by Silves and Albufeira, to the east by
S. Brás de Alportel, Alcoutim and Tavira, to the north by Almodôvar, and to the south
by Faro and the Atlantic Ocean. It occupies an area of 765 km2, which is distributed
across 11 parishes: Almancil, Alte, Ameixial, Boliqueime, Quarteira, Querença, Salir,
São Clemente, São Sebastião, Benafim and Tôr. Figure 2 presents the municipality of Loulé
and its parishes.
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The parcels considered in the study area are presented in Figure 3. A total
of 73,252 parcels (including urban and rural) were identified, with a total area of
56,554.79 hectares. In the municipality, the parcel average area is 0.77 ha, and the median is
0.19 ha. Our study will focus on the rural parcels. These include a total of 51,365, with a
total area of 51,631 ha. The average area is 1.01 hectares, and the median 0.31 hectares.
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3.2. Data Collection

One key aspect of this study was the data collection and its quality, since it will
determine the results obtained. Regarding the land register data of Loulé municipality,
these are high-resolution data that constitute the official limits of the territorial properties
and have legal effects. Nevertheless, the biophysical data used have a more limited
resolution, and are restricted to existent official data.

The biophysical data were selected to represent the biophysical suitability for agri-
culture and forests and may be adapted to other studies and problems. The data were
selected according to experts’ opinions and several bibliographic references for land man-
agement and biophysical suitability. After, a careful screening of the existent databases
was compiled.

To build the model, several layers of data were considered, and different databases
were consulted. The criteria for defining biophysical suitability potential were selected
according to experts’ analysis.

The hypsometry, aspect and slope maps have a pixel of 25 m2 and regard to a scale of
1:25,000. The soil capacity map (1:25,000) was obtained by digital analog conversion of the
Land-Use Capacity Map. The hoar frost map is more limited (1:1,000,000), and it is obtained
using a 30-year series of data. Regarding the climate data, the resolution is low, but this
is limited to the low number of meteorological stations in the Algarve Region, which do
not allow more detailed extrapolations. Local topography should also be considered, as it
influences these occurrences at the local level. Table 1 presents the sources of information
consulted for building the biophysical suitability index.

Table 1. The sources of the criteria.

Indicator Code Source

Slope DEC Digital Elevation Model (DEM)-ICNF

Soil capacity SC Map of soil capacity—General Direction
of Agriculture and Rural Development

Hoar frost FR Environment Atlas—Portuguese
Environment Agency

Hypsometry HIPS Digital Elevation Model (DEM)-ICNF

Aspect ASP Digital Elevation Model (DEM)-ICNF

Nevertheless, the combination of different data layers will allow a guideline for
territorial management at the municipality level. A detailed analysis at a more local level
will imply field data collection and a further analysis of the biophysical characteristics of
the territory.

3.3. Data Analysis

After collection, data were classified according to the potential for agriculture and
forest development using a scale from 1 to 5 (Table 2). These suitability classes were defined
considering expert and researcher opinions as well as several previous research [59]. These
normalized data were then used in the cluster analysis.
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Table 2. The classification limits for each biophysical suitability criteria.

Indicator Code Source Classification Limits

Slope DEC Digital Elevation Model
(DEM)-ICNF

5: 0–8%
4: 8–15%

3. 15–30%
2. 30–45%
1: >45%

Soil capacity SC

Map of soil
capacity—General

Direction of Agriculture
and Rural Development

5: A
4: B
3: C
2: D
1: E

Hoar frost FR
Environment

Atlas—Portuguese
Environment Agency

5: 1 to 5 days
4: 5 to 10 days

3: 10 to 20 days
2: 20 to 30 days
1: 30 to 40 days

Hypsometry HIPS Digital Elevation Model
(DEM)-ICNF

5: 0–100 m
4: 100–200 m
3: 200–300 m
2: 300–400 m

1: >400 m

Aspect (orientation
of the strands) ASP Digital Elevation Model

(DEM)-ICNF

5: S, Flat
4: SE
3: SW

2: E, W
1: NW, NE, N

There are several clustering techniques, which generally are classified as partition-
based clustering, hierarchical clustering and density-based clustering. These techniques
have different cluster analysis approaches, and the most suitable for a given dataset is
difficult to predict. Nevertheless, Euclidian distance and K-means are the most frequent
clustering techniques used in social science studies [60]. The K-means is a simple technique
that can split the dataset into K distinct non-overlapping clusters [61]. For implementing
this technique, we decided the number of clusters to retain by an experts’ analysis.

These results were then normalized according to Equation (1), from 0 to 1 for im-
plementing the compromise programming approach. Figure 4 presents the maps that
were constructed using these normalized indexes. These indexes will be then used in the
compromise programming approach.

To define the preferential weights for the criteria, we assume that all indicators are
equally important.

The K-means cluster analysis was implemented using the SPSS software (v.22), the
compromise programming approach was implemented using the General Algebraic Mod-
eling System (GAMS) and the Microsoft Excel Software. Finally, all the other statistical
analyses were implemented using the SPSS software. The maps and spatial analysis were
done using QGIS and ARCGIS by ESRI.
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4. Results
4.1. The Cluster Analysis

The final clusters’ centers regarding the land register are presented in Table 3. The
definition of each cluster (i.e., its main characteristics) is the following:

Cluster 1—Parcels with a medium-high biophysical suitability regarding Slope and Hoar
frost, satisfactory for Hypsometry but a low suitability regarding Soil capacity and Aspect.
Cluster 2—Parcels that present a good suitability potential for the following criteria: Slope,
Soil capacity and Hoar frost but tend to present a low suitability for the Aspect criteria.
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Cluster 3—Parcels that tend to present a low to very low potential in almost all criteria,
namely, in Soil capacity and Hypsometry.
Cluster 4—Parcels that tend to present a very good Slope biophysical capacity and a good
suitability regarding the other criteria, except for Hypsometry.
Cluster 5—Parcels that tend to present satisfactory suitability regarding Slope and Hoar
Frost but present low levels for Soil capacity and Hypsometry.
Cluster 6—Parcels that tend to present very good suitability results regarding Slope and
Hoar frost but also regarding Hypsometry, Aspect and Soil capacity.

Table 3. The final clusters’ centers.

Variables
Clusters

1 2 3 4 5 6

Slope 3.786 4.532 2.985 4.583 3.797 4.765

Soil capacity 1.767 3.912 1.033 3.85 1.451 3.235

Hoar frost 3.884 3.731 2.318 3.397 3.224 4.896

Hypsometry 2.701 2.761 1.316 2.378 2.199 3.86

Aspect 1.709 1.632 2.636 3.83 3.835 3.985

Cluster 1 presents its highest mean values for Slope and Hoar frost. Cluster 2 presents
the highest mean value for Slope, Soil capacity and Hoar frost. Cluster 3 tends to have
the lowest mean values of all clusters, as the best means are always lower than 3 and
are registered in Slope, Hoar frost and Aspect. Cluster 4 presents the highest mean score
for Slope with 4.583. Cluster 5 presents the highest mean for Slope (3.797), Hoar frost
(3.224) and Aspect (3.835). Cluster 6 presents the highest mean for Slope (4.765) and Hoar
frost (4.896).

According to the one-way ANOVA in Table 4, the dimension that allows better dif-
ferentiation of the clusters is Soil capacity (F = 25,338.704), followed by Hypsometry
(F = 23,279.059) and Hoar frost (F = 22,038.702) (Table 4).

Table 4. The one-way ANOVA.

Variable
Cluster Error

F Sig.
Mean Square df Mean Square df

Slope 4399.242 5.000 0.426 51,358 10,329.720 0.000

Soil capacity 12,979.228 5.000 0.512 51,358 25,338.704 0.000

Hoar frost 7815.468 5.000 0.355 51,358 22,038.702 0.000

Hypsometry 7535.146 5.000 0.324 51,358 23,279.059 0.000

Aspect 8480.740 5.000 0.520 51,358 16,316.113 0.000

The number of parcels by cluster is presented in Figure 5. The three clusters with a
larger number of parcels are cluster 6 (11,462), cluster 5 (11,189) and cluster 3 (10,570). The
total area of each cluster is presented in Figure 6. The clusters with more area are cluster 3
and cluster 5.
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Figure 7 presents the spatial distribution of the clusters created. The analysis of
the clusters’ spatial distribution shows that cluster 3 is dominant in the interior of the
municipality, while cluster 6 is dominant at the south of the municipality, near the littoral.
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4.2. Ranking Analysis

As stated in the methodology, the suitability indexes were calculated using compro-
mise programming to calculate the deviations from the ideal and were then ordered to
define the respective rankings.

Table 5 presents the 10th best positioned parcels using the proposed approach. Several
parcels occupy the first place in the ranking, since all the deviations are 0 regarding the
ideal. However, if we analyze the 10th worst positions in the ranking (Table 6), we may
identify several changes. In the last position, it is always the parcel 105881, except for
λ1 = 0, λ2 = 0 and 1 − λ1 − λ2 = 1; for λ1 = 0, λ2 = 0.5 and 1 − λ1 − λ2 = 0.5; and, for
λ1 = 0.25, λ2 = 0.25 and 1 − λ1 − λ2 = 0.5, where it is the parcel 84,679.

Table 5. The 10 first parcels in the ranking.

λ1 1 0 0 0.5 0 0.5 0.33 0.25

λ2 0 1 0 0.5 0.5 0 0.33 0.25

1 − λ1 − λ2 0 0 1 0 0.5 0.5 0.34 0.5

Ranking Parcel number

1 2760 2760 2760 2760 2760 2760 2760 2760

1 4239 4239 4239 4239 4239 4239 4239 4239

1 4351 4351 4351 4351 4351 4351 4351 4351

1 4993 4993 4993 4993 4993 4993 4993 4993

1 5398 5398 5398 5398 5398 5398 5398 5398

1 7225 7225 7225 7225 7225 7225 7225 7225

1 7711 7711 7711 7711 7711 7711 7711 7711

1 7718 7718 7718 7718 7718 7718 7718 7718

1 7914 7914 7914 7914 7914 7914 7914 7914

1 8063 8063 8063 8063 8063 8063 8063 8063

Table 6. The 10 last parcels in the ranking.

λ1 1 0 0 0.5 0 0.5 0.33 0.25

λ2 0 1 0 0.5 0.5 0 0.33 0.25

1 − λ1 − λ2 0 0 1 0 0.5 0.5 0.34 0.5

Ranking Parcel number

51,356 76,054 76,054 69,073 76,054 69,073 76,054 76,054 69,073

51,357 84,750 84,750 26,743 84,750 26,743 84,750 84,750 26,743

51,358 84,753 84,753 21,401 84,753 21,401 84,753 84,753 21,401

51,359 84,756 84,756 75,867 84,756 75,867 84,756 84,756 75,867

51,360 86,632 86,632 100,773 86,632 100,773 86,632 86,632 100,773

51,361 87,663 87,663 70,499 87,663 70,499 87,663 87,663 70,499

51,362 101,870 101,870 5119 101,870 5119 101,870 101,870 5119

51,363 102,399 102,399 35,447 102,399 35,447 102,399 102,399 35,447

51,364 105,750 105,750 37,504 105,750 37,504 105,750 105,750 37,504

51,365 105,881 105,881 84,679 105,881 84,679 105,881 105,881 84,679
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Figure 8 represents examples of the spatial distribution of the rankings, which were
grouped in several classes. Class 1 groups parcels ranked from 1 to 10,000, i.e., the most
10,000 suitable parcels. Class 5 groups parcels ranked with a value higher than 40,000
in the ranking, the least suitable parcels. The rankings obtained in the best aggregated
solution (1 − λ1 − λ2 = 1) reveal that the best positioned parcels, for which the compromise
between Slope, Soil capacity, Hoar frost, Hypsometry and Aspect is the best possible, tend
to be in the areas near the littoral, while the worst positioned are in the municipality inland.
Intermediate positions in the rankings occur in the center of the municipality.
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Regarding the most balance solution, i.e., the one that valorizes the minimization of
the maximum deviation D (λ2 = 1), the spatial distribution has some similarities. The
lowest ranking positions are in the municipality inland. Intermediate ranking positions
are located at the littoral and at the center of the municipality, while the best positions in
the ranking are located also at littoral and center of the municipality. Several changes are
identified in areas that are in middle-ranking positions.

Finally, the last two figures represent intermediate solutions. A clear tendency of
the location of the areas with lowest positions in the ranking in the interior north of the
municipality is identified.
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4.3. Statistical Analysis

The descriptive statistics were made for the indexes calculated with the compromise
programming approach. Its results are presented, as an example, in Table 7, for the
following solutions: aggregate suitability index (λ1 = 0, λ2 = 0 and 1 − λ1 − λ2 = 1) and
the information index (ID) (λ1 = 1, λ2 = 0 and 1 − λ1 − λ2 = 0). According to the analysis,
we may conclude that the aggregate suitability index (λ1 = 0, λ2 = 0 and 1 − λ1 − λ2 = 1)
presents an average mean of 0.444. The ID (λ1 = 1, λ2 = 0 and 1 − λ1 − λ2 = 0), which
represents the most balanced solution according to the entropy concept, presents an average
score of 0.224, better than the aggregate (λ1 = 0, λ2 = 0 and 1 − λ1 − λ2 = 1). Nevertheless,
when considering the standard deviation and the respective coefficient of variation, we
conclude that the aggregate presents one of 48% (λ1 = 0, λ2 = 0 and 1 − λ1 − λ2 = 1), while
the ID (λ1 = 1, λ2 = 0 and 1 − λ1 − λ2 = 0) presents 113%.

Table 7. Descriptive statistics.

Variable/Solution N Minimum Maximum Average Std. Dev.

Agreg 51,365 0.000 0.974 0.444 0.214

ID 51,365 0.000 1.000 0.224 0.254

Parcels (norm) 51,365 0.000 1.000 0.002 0.008
Agreg—best aggregated solution (λ1 = 0, λ2 = 0 and 1 − λ1 − λ2 = 1); ID—balanced sustainability according to the
concept of normalized entropy (λ1 = 1, λ2 = 0 and 1 − λ1 − λ2 = 0); and Parcels (norm)—Parcel area normalized.

For assessing normality, the skewness and kurtosis were used. Skewness measures the
degree of asymmetry in a distribution, with a skewed distribution exhibiting an elongated
tail to the right or left. A skewness value within the range of −1 to +1 is generally considered
excellent for assessing normality, although values between −2 and +2 are also deemed
acceptable [62]. Kurtosis quantifies the peakness or flatness of a distribution relative to
a normal distribution. A positive kurtosis indicates a more peaked distribution, while a
negative kurtosis suggests a flatter shape. Kurtosis values between −2 and +2 are typically
accepted as indicators of normality [62].

The skewness and kurtosis are presented in Table 8 for all aggregated clusters. Since
the skewness and kurtosis values are between −2 and 2, we may conclude that the data
are normally distributed, except for the normalized area of the parcels, because of the high
contrast among the size of the parcels.

Table 8. The skewness and kurtosis.

Index
Skewness Kurtosis

Statistic Standard Error Statistic Standard Error

Aggregate −0.076 0.011 −0.960 0.022

ID 1.565 0.011 1.721 0.022

Parcels (norm) 74.222 0.011 7506.939 0.022

A correlation analysis was carried out with a statistical significance test. Results
are presented in Table 9, showing that the correlations among the parcel size and the
biophysical potential indexes are quite low. There is a positive correlation of 0.108 between
the parcels and the best aggregated solution (p = 0.01) and between the parcels and the
most balanced solution ID of −0.070. There is a negative one between the parcels and the
information index ID of −0.070 (p = 0.01).
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Table 9. The correlation matrix.

Agreg1 EID Norm

Agreg 1 −0.772 ** 0.108 **

ID −0.772 ** 1 −0.070 **

Parcels (norm) 0.108 ** −0.070 ** 1
** Correlation is significant at the 0.01 level.

A one-way ANOVA was performed to identify if the differences in the index scores are
significant among clusters. The descriptive statistics regarding the clusters are presented as
follows for each of the solutions (Tables 10 and 11).

Table 10. Descriptive statistics—best aggregated solution.

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6

Average 0.5292 0.3923 0.7304 0.3251 0.5047 0.1652

Median 0.5440 0.3961 0.7258 0.3294 0.5052 0.1667

Variance 0.0118 0.0129 0.0038 0.0074 0.0066 0.0070

Std. Dev. 0.1087 0.1138 0.0613 0.0858 0.0812 0.0838

Minimum 0.2749 0.1298 0.5754 0.0838 0.2662 0.0000

Maximum 0.7562 0.6603 0.9740 0.5987 0.6850 0.3725

Table 11. Descriptive statistics—information index.

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6

Average 0.1382 0.2730 0.0381 0.1841 0.1084 0.5677

Median 0.0778 0.1985 0.0315 0.1583 0.0811 0.5730

Variance 0.0189 0.0554 0.0006 0.0196 0.0062 0.0700

Std. Dev. 0.1374 0.2353 0.0249 0.1399 0.0786 0.2645

Minimum 0.0040 0.0087 0.0006 0.0031 0.0040 0.0000

Maximum 0.5975 1.0000 0.1698 0.6885 0.5779 1.0000

Table 12 presents the skewness and kurtosis values. According to the limits presented
previously, we may conclude that the data are normally distributed, in both cases. Con-
cerning the information index, cluster 3 presents values of kurtosis higher than 2, which
are still accepted due to the large sample size.

Table 12. The skewness and kurtosis for each cluster.

Index

Best Aggregated Solution Information Index

Skewness Kurtosis Skewness Kurtosis

Statistic Std. Error Statistic Std. Error Statistic Std. Error Statistic Std. Error

Cluster 1 −0.293 0.030 −0.768 0.059 1.7758 0.0297 2.4619 0.0594

Cluster 2 −0.188 0.040 −0.851 0.079 1.4527 0.0396 1.6989 0.0793

Cluster 3 0.315 0.024 −0.444 0.048 1.8194 0.0238 4.7914 0.0476

Cluster 4 0.315 0.024 −0.444 0.048 0.9609 0.0282 0.4549 0.0565

Cluster 5 −0.175 0.023 −0.719 0.046 1.5833 0.0232 3.0691 0.0463

Cluster 6 −0.101 0.023 −0.719 0.046 0.0977 0.0229 −0.5687 0.0457
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Table 13 presents the results of the Welch ANOVA. In all models, we reject the null hy-
pothesis (p < 0.01) of equality of means and accept the alternative hypothesis of existing dif-
ferences among groups; i.e., there is a statistically significant difference in mean biophysical
suitability condition scores between at least two groups in all models. Therefore, there is an
effect of the clusters created in the biophysical scores: aggregated [F(5, 18,750) = 73,274.41;
p = 0.00]; D [F(5, 16,874) = 24,021.79; p = 0.00] and ID [F(5, 16,875) = 13,060.12; p = 0.00].

Table 13. Results of the one-way Welch’s ANOVA.

Index Statistics a df1 df2 Sig.

Agreg 73,274.41 5 18,750 0.00

D 24,021.79 5 16,874 0.00

ID 13,060.12 5 16,875 0.00
a Assinoptically F distributed.

5. Discussion
This paper presented a novel compromise programming approach for analyzing

the biophysical suitability of land-use parcels. Nevertheless, there are some issues to
be discussed.

Selecting suitable biophysical parcels is a complex process because it needs a mul-
tidisciplinary approach that incorporates natural, physical-social sciences, politics, and
ethics. Therefore, the selection of the criteria used was carried out by several experts
and related to the agricultural and forestry land uses. Nevertheless, these criteria were
limited by the available data and the spatial resolution. Also, when dealing with several
criteria and several agricultural and forest activities, we should consider that some of them
have suitability criteria that are different from the general ones. Therefore, these must be
understood as general criteria for the development of agricultural and forestry activities
since activities with specific criteria may exist.

Another issue is land-use fragmentation. Binns [63] identified the following land
fragmentation typologies: “(1) that is unavoidable by reason of natural conditions, (2) that
arises from physical conditions from human activities not connected with agriculture,
(3) that is agricultural rational and (4) that, not falling within the first two categories, is agri-
culturally irrational” [63]. Thus, not all land fragmentation can be addressed and solved
easily. Although this research did not address land-use fragmentation, the biophysical
potential and the related biophysical conditions may be an explaining factor of land-use
fragmentation. This study will require a complete set of data identifying the parcels by
owner. This is special important, since an analysis of the most recent agricultural census
suggests that not only is the farm’s average area increasing but also the number of parcels
that it includes. Therefore, there may be an increase in land-use fragmentation. Moreover,
our study also suggests that the parcels with larger sizes tend to be in areas with lower
biophysical conditions. This is especially true in the interior of Loulé municipality.

Land-use allocation problems are complex planning problems. Often, a large number
of different stakeholders is involved in the planning process. A key issue will be to integrate
these preferences of experts and stakeholders in land management. In our case, we assumed
that the criteria would have equal weights, but it would be of great value to use group
decision methods such as Extended Goal Programming [15]. Therefore, the decisions made
with respect to land use must be clear and transparent to these stakeholders [49].

Various methods have been developed to support suitability or land allocation is-
sues; however, they concentrate almost entirely on size, location, and the number of
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land units. The analyses of topological relationships that are the results of the biophysi-
cal/environmental and socio-economic processes should be further analyzed [64].

Another aspect to be discussed regards the compromise programming method used.
The approach allows integrating the best aggregated solution, the most balanced/uniform
distribution according to the concept of normalized entropy and the most balanced solution
that minimizes the maximum deviation regarding the ideal. This approach is novel in the
way that it allows a more complete set of information. However, it must be highlighted that
there will be an added complexity to the approach, which recommends a careful analysis
of the several solutions’ trade-off before the implementation of this approach.

One crucial aspect will be the interpretation of the resulting indexes. These are
deviations regarding the optimal conditions, except for the entropy analysis (although
an information index of 0 will mean a total balanced distribution). Having this in mind,
a careful analysis of the indexes needs to be carried out.

Sensitivity analysis allows us to understand how changes in inputs affect the model
output [65]. Since MCDA problems often use data that can change [8], sensitivity analysis
may be an interesting final step. Nevertheless, our model allows obtaining a considerable
amount of data regarding the best aggregated solution, the most balanced ones and inter-
mediate solutions. Trade-off curves could be obtained, but we analyzed the patterns in each
solution and compared them to the municipality reality to identify changes and limitations.

6. Concluding Remarks
This research proposed an alternative approach using compromise programming

for aggregating the criteria of land-use suitability. This approach allows considering
not only the best aggregated solution but also the most balanced one and intermediate
solutions among them. It has, therefore, several operational advantages: (1) it allows
adding a complete set of information for the manager; (2) its formulation allows an easy
implementation for a considerable number of units; (3) the preferences of the stakeholders
can be added to the analysis; and (4) it allows dealing with a considerable amount of data to
draw information in a more complete way than the common biophysical suitability maps.

Regarding the previous approaches that use compromise programming, we must
highlight the consideration of the best aggregated solution, the most balanced one regarding
the minimization of the maximum deviation and the most balanced one according to the
concept of entropy, in the calculation of suitability indexes applied to land management.

The approach presented in this paper also takes a step further in compromise pro-
gramming, proving its ability to deal with a very large amount of data.

The use of cluster analysis allowed creating typologies regarding the biophysical
conditions, and the differences were analyzed by means of an ANOVA analysis, where
we accept the alternative hypothesis of existing differences among groups; i.e., there is a
statistically significant difference in mean biophysical suitability conditions score between
at least two groups in all models.

Therefore, the approach has a relevant practical application, since it will allow not
only creating rankings but also indexes considering aggregated and balanced solutions;
additionally, it combines MCDA, statistical approaches and GIS, building an integrated
framework for analyzing the territory. For policy implementation, it will allow a better
territorial allocation of activities and to understand the existent ones. Nevertheless, al-
though the analysis of the property fragmentation results is critical and related to the
biophysical characteristics and cultural capabilities of the territory, it should also be high-
lighted that, without knowing the land tenure structure and which are, in fact, the land
management units that make decisions over the territory, planning instruments will always
risk being biased.
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This study has, however, some limitations that must be addressed in further studies.
One main limitation is the resolution of the data used. The biophysical data have a

less detailed geographical scale than the land register. This is especially relevant when
considering climate date. Further studies must conduct surveys and local analysis mainly
to identify climatic risks.

This study presents an illustrative example of this methodology considering land
register data and the biophysical suitability for agricultural and forest land uses. Future
research should focus each use individually (e.g., for each type of forest or each crop).

Furthermore, the research conducted in this paper assumes equal weights among
biophysical criteria. An interesting upgrade would be to use different weights according to
the importance of the biophysical criteria. This may be performed using experts’ opinions,
pairwise comparisons and an analytical hierarchy process [24] or using extended goal
programming [14,15].

Finally, one limitation regards the analysis of the relation among land fragmenta-
tion and the biophysical conditions as the available land register data did not allow the
identification of the landowner’s parcels.

Therefore, three future research lines may be identified.
The first one regards the integration of weights in each biophysical criteria to better

reflect the biophysical suitability of the territory using different methods, such as EGP.
This will imply a careful data collection from researchers, managers, and other relevant
stakeholders. A sensibility analysis should be carried out using different sets of weights.

The second research line will be to implement this approach using detailed data for
specific forest and agricultural uses. This will imply the selection of temporary crops,
permanent crops or forest uses to be analyzed individually.

Finally, a third research line is related to the implementation of the proposed approach
in other geographical areas of the Portuguese territory or in other selected geographical
locations in other countries. We believe that the approach is flexible and has potential to
address different situations and contexts.
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