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User knowledge about cultivation and soils is relevant in developing countries, given the lack

of any other kind of information, and in developed countries where it may contribute to the

sustainable and operational planning for farm production systems. But user data show a

high degree of inaccuracy and uncertainty; hence the appropriate treatment of this kind of

data in order to obtain potentially useful information requires suitable storage and process-

ing techniques, such as fuzzy relational database and fuzzy data mining techniques. The

user data were obtained from a survey with 126 variables carried out on 210 olive grove farms

in the Province of Granada (southern Spain). A set of 34 variables were selected following a

cleaning process, and 1420 fuzzy association rules relating handling, soil, or environment

with olive fruit production (kg ha−1), % of oil in olive fruit or acidity of fruit on tree (olive oil

quality), were obtained. Several of these rules can be considered as user evaluation rules (UER)

because they show a clear association between the corresponding variables. It is demon-

strated that the greatest influence of the variables for handling, soil and environment on the

production and the quality of the olive oil, arises when those variables limit or reduce the

production or quality. Some UER are corroborated with the knowledge regarding olive culti-

vation found in the bibliography. Some others contradict the knowledge and others reveal

relationships not described previously. Because of this, the proposed working method can be
considered as mostly exploratory. The final objective of this work is to help decision-making

in the field of olive cultivation in Andalusia. However, the working method described in this

paper is applicable to other geographical areas and to other kinds of crops.
. Introduction

n developing countries, in which scientific information about
oils and crops is scant, the information supplied by farmers
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(user or traditional knowledge) is particularly useful (Grobben,
1992; Habarurema and Steiner, 1997).

In developed countries many research scientists and exten-
sion workers also recognize that farmers have a valuable
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and 1200 m a.s.l. cover 50% of the province.
Fig. 2 summarizes the methodological scheme followed in

this work. The steps of the scheme can be described in detail
as follows:
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understanding of their resources (Thrupp, 1989), thus, there
is a great challenge to listen and learn from the traditional
knowledge (He et al., 2007). User knowledge about soil and
cultivation is an important component in the development of
effective specific management and useful policy. Traditional
knowledge is developed and used over time by local peo-
ple and is influenced by environmental and socio-economic
realities (Saito et al., 2006; Beckford and Barker, 2007), and
should be taken into account in rural development programs
(Ali, 2003; Barrera-Bassols et al., 2006). For development plan-
ning and interventions to be successful it is necessary to
fit external technologies and strategies to the local envi-
ronmental and cultural context (Niemeijer and Mazzucato,
2003). User participation at all stages is an essential
ingredient.

According to Stocking and Murnaghan (2001), user knowl-
edge is difficult to process and interpret because its accuracy
and reliability is not always clear. Furthermore, part of the
information contained in user data is not always accessible
to the common methods of classical statistics (Berzal et al.,
2004).

Fuzzy data mining techniques are useful for extracting
user knowledge from data (Delgado et al., 2003; Calero et al.,
2003). These techniques are capable of handling information
in which uncertainty, imprecision and ambiguity are a part, as
often occurs in soil data (McBratney et al., 2000) or descriptions
of cultivation information (Center and Verma, 1998).

Data mining techniques as prediction tools, and fuzzy
logic, as a method of treating uncertainty and imprecise data,
have been successfully used to solve some agricultural and
environmental problems, such as improving cherry tomato
cultivation (Hoshi et al., 2000), evaluating and minimizing the
effect of pesticides and tillage in a sustainable mixed agricul-
ture (Ferraro et al., 2003), predicting sugar production (Petridis
and Karbulasos, 2003), optimizing the fertirrigation efficiency
in a sustainable strawberry culture, seeking a balance between
yield and environmental damage (de la Torre et al., 2005),
minimizing the volume of herbicides used to treat weeds
in a sustainable precision agriculture (Tellaeche et al., 2008),
environmental evaluation of human activities (Kawano et al.,
2005), etc. In this paper, we have used data mining techniques
and fuzzy association rules (FARs) to evaluate data from a sur-
vey about olive groves in the Province of Granada (region of
Andalusia).

Olive cultivation supports the population in many rural
Mediterranean areas (Loumou and Giourga, 2003). Spain is
the largest olive oil producing country (about 30% of world-
wide production) and the region of Andalusia (southern Spain)
accounts for 75% of olive oil production in Spain (de Graaff and
Eppink, 1999).

The increasing demand for intensification of olive culti-
vation in the Province of Granada, especially in the areas
with less favourable conditions such as mountains or arid
lands, requires a detailed knowledge of the physical and socio-
economic resources involved in the production system (Rallo,
1998). Moreover, they must be taken into consideration from

the viewpoint of the environmental effects of modern agricul-
tural practices. The need for optimal use of land in olive groves
has never been greater than at the present time (Berzal et al.,
2004).
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The aim of this paper is to process the information, which
was provided by a survey amongst olive grove farmers from the
Province of Granada and which has a high degree of inaccuracy
and uncertainty, using fuzzy data mining techniques, with the
aim of making the user knowledge easier to handle.

From user knowledge, once suitably processed, we
intended to obtain user evaluation rules (UER) for olive pro-
duction in the Province of Granada. We did not intend to
create a complete evaluation system for this crop, but rather
to discover rules that will complement the classic evaluation
systems by including experimental information provided by
farmers. Furthermore, we intended to discover trends that
mostly require specific research work in order to be ascer-
tained.

The experience based on this advanced data processing
methodology could be extended to the whole of the olive
production in the Mediterranean basin and to other geo-
graphical areas around the world and even to other kinds of
crops.

2. Materials and methods

2.1. Site description and sources of information

The Province of Granada (Fig. 1) in southern Spain, has a sur-
face area of around 12,635 km2. The climate is continental
Mediterranean, with an average annual temperature between
15 and 20 ◦C. Rainfall at less than 500 mm year−1 is concen-
trated in winter months and spring, with an extended drought
in the summer. Steep slopes (>30%) where machinery cannot
be used cover over 31% of this area. Altitudes of between 800
Fig. 1 – Olive-grove counties in the Province of Granada
(southern Spain) and distribution of cultivation (%).
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Fig. 2 – Metho

Data used in this paper were obtained from surveys car-
ied out in all the olive-growing areas of Granada (Fig. 1). The
nterviews were carried out in summer of 2000 and include
26 variables, 24 related to soils, covering aspects such as
eographical location, management techniques, costs, pro-
uction and soil characteristics. A total number of 210 farmers
ere surveyed. The number of participants needed to satisfac-

orily characterize the olive crop in the Province of Granada
hould be at least 148, proportionally distributed by the size
f the olive growing districts (Loring-Miró, 1999).

The environmental variables were assigned to each sur-
ey according to the approximate location on the map for
ach farm surveyed. The mean altitude was obtained from the
opographic map. The data for mean annual rainfall and mean

inimum temperature of the coldest month were obtained from

he network of weather stations belonging to the National
eather Service. The data for the closest station are assigned

o each survey questionnaire.
gical scheme.

2.2. Fuzzy database design and development:
information representation and storage

Since one of our objectives was to obtain user knowledge at the
end of the process, and that user knowledge is expressed usu-
ally in an imprecise way, the survey employed was designed
to obtain such data and had to deal with imprecision (when
users, farmers in our case, cannot return exact answers) and
uncertainty (when it is not sure how true the information
provided by the users is) coming from several sources. In
order to handle the data gathered from the surveys and the
inherent imprecise relations that can be defined between
the terms employed, data were stored in a fuzzy relational
database. Although several fuzzy database models can be

found in the literature, see Medina et al. (1995) for a brief
summary, at the time of this study, and given the nature
of the data to be processed, we chose the GEFRED model
(Medina et al., 1994). This model extends the classic relational
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In the same way, for each non-numerical attribute, we
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database model (Codd, 1970). The main reason for our choice
is that this model put together the different types of impre-
cision and uncertainty considered by other models (linguistic
labels represented by fuzzy sets, possibility distributions, and
resemblance relations) into a single model, together with the
necessary operators to define, compare and, in general, deal
with values expressed in different ways. Since these different
types of representations are needed in the data we collected,
GEFRED seemed to be the most appropriate and complete
model for our problem.

FIRST architecture (Medina et al., 1995) implements the
tools and structures proposed by GEFRED, which, in our case, is
built under a database system provided by Oracle. Basically, it
adds a number of new components to the existing structures,
not only letting us to store and process non-fuzzy (crisp) data,
but, according to our needs, fuzzy data. It also provides an
extension to SQL language, named FSQL (Fuzzy SQL) (Galindo
et al., 1998), which let us to perform flexible queries over the
fuzzy database, i.e., a question like “Which farms have a High
oil production in Medium-depth soils” in our database could be
translated onto FSQL as:

SELECT surveycode FROM surveytable
WHERE production FEQ $High AND soildepth FEQ $Medium

where $High and $Medium are linguistic labels for the corre-
sponding attributes (see Table 2), and FEQ (Fuzzy Equal) is an
FSQL operator meaning “approximately equal to”.

As FSQL is defined over SQL, by means of flexible queries
we can retrieve both fuzzy and crisp data.

On the basis of this model, and with the help of experts
(mainly soil scientists and agricultural technicians), a fuzzy
database was designed and developed, so that the imprecision
and uncertainty associated to the surveyed values for vari-
ables of the groups “Soil” and “Environment” (Table 1) could
be managed in a satisfactory way. In particular, this was also
possible because of the wide knowledge of soils and climate in
this area, and the bibliographic information available (Aranda
et al., 2001).

On the contrary, the existing knowledge to deal with impre-
cision in the agronomic variables (“Management, production
and quality” in Table 1) was insufficient without considering
previously the distribution of values in the surveys. Because
of this, these were stored as crisp values, although they could
be processed by fuzzy techniques later.

2.3. Data pre-processing of surveys

After creating the database, we pre-processed the data before
the data mining step. This procedure consisted of data clean-
ing and null values substitution (i.e., values that are unknown
or not present). Due to the uncertainty associated with the
survey procedure, as in many cases the farmers were not able
to give a proper answer, we should first ignore cases where
null values are present and variables with more than 50% of
missing values were eliminated, as classical clustering meth-

ods are not able to manage null values, and attributes with
a high rate of missing values should lead to wrong results.
The next step consisted of replacing the null values from
the data matrix, so that the minimum amount of informa-
g r i c u l t u r e 6 5 ( 2 0 0 9 ) 99–113

tion would be lost in the process. We do not use previous
user-defined typologies in this paper; we established a set
of homogeneous clusters using the survey instead. The pro-
cess of replacing null data was performed in two steps: first, a
hierarchical clustering was applied over the set of “complete
cases”, that is, we considered only those variables where no
null or missing values were present. We took into account
expert criteria in order to choose the most appropriate num-
ber of clusters. Second, the resulting cluster set was refined,
in order to reduce, if possible, the number of clusters, using
a fuzzy K-means algorithm (Dubes and Jain, 1988; López de
Mántaras and Valverde, 1988) to replace null or missing val-
ues in the original data matrix. This last process consisted in:
(1) taking a training set (the clusters of “complete cases” pre-
viously obtained by means of the hierarchical clustering), (2)
re-classifying cases, computing a classification error, and (3)
repeating this process until the classification error is zero (or
nearly zero), or a number of iterations is reached without any
change in the classification error. Once we obtain the mem-
bership degree of each case to a cluster, we replace the null
value with the value of the centroid for that variable, thus
obtaining the initial matrix with 210 × 34, but now without
null values. This process is explained in detail in (Serrano et
al., 2002).

2.4. Fuzzyfication of agronomical variables

Finally, we had a certain number of crisp variables (“Man-
agement, production and quality” variables in Table 1) that
needed to be fuzzified in order to be properly processed by our
fuzzy data mining tools.

In this process, we distinguish between numerical (contin-
uous) and scalar (nominal and ordinal) attributes.

For each numerical attribute, we defined a set of linguis-
tic labels {high, medium, low} over the numerical domain,
in order to reduce the granularity level (that is, the total
amount of values for each domain). A short set of values
for a particular attribute domain allows us to represent and
manage the user knowledge easier than continuous values
(Hussain et al., 1999). This domain discretization was car-
ried out following an unsupervised splitting algorithm that
split a continuous domain into a set of categories previ-
ously specified. Previously, outliers are eliminated by means
of a binning-equal frequency procedure (Hussain et al., 1999).
Each category obtained is associated to a linguistic label by
means of a heuristic tuning procedure, from which member-
ship functions were obtained by expert knowledge. In this
way, each numerical variable was represented by three trape-
zoid fuzzy numbers (Zadeh, 1978; Dubois and Prade, 1988),
each one represented by a possibility distribution that can
be defined by four parameters ˛, ˇ, � and ı (see Fig. 3 for
an example). This definition allows us to work with lin-
guistic terms instead of numerical values. This way, we can
summarize information and manage it in a similar way to
farmers.
defined a fuzzy resemblance relation (Rundensteiner et al.,
1989) between values. These relations let us manage the pos-
sible semantic overlapping within data and were provided by
the domain experts.
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Table 1 – Survey variables selected from the cleaning process

Variable Variable type Mean value

Management, production and quality

Farming area (hectares) Continuous 12
Number of olive trees Continuous 1429
% Picual variety Continuous 32
% planting with traditional systema Continuous 65
% planting with modern systemb Continuous 30
% trees with three trunks Continuous 51
% in planting frame of less than 10 m Continuous 69
% young olive trees (2 to 5–8 years) Continuous 24
% olive trees in full production (>5-8 years) Continuous 55
% area using conventional labour Continuous 82
% area harvested by knocking down Continuous 88
Pruning intensity Ordinal –
Pruning frequency Continuous 0.95
Irrigation Ordinal –
Irrigation with own water Ordinal –
Phytosanitary treatments frequency
(1/>1 year−1)

Ordinal –

Cost of management (D ha−1)c Continuous 675
Cost of fertilizer applied (D ha−1)d Continuous 151
Cost of phytosanitary treatments (D ha−1)e Continuous 121
Total costs (D ha−1) Continuous 947
Olive fruit production (kg ha−1) Continuous 3230
% oil in olive fruit Continuous 22.8 (736 kg ha−1)
Acidity of fruit on tree (acidity) Continuous 0.93

Soil

Soil depth Ordinal –
Hardened layer depth Ordinal –
Workability Ordinal –
Mean slope Ordinal –
Stoniness Ordinal –
Soil texture Ordinal –
Erosion Nominal –
Soil colour Nominal –

Environment

Mean altitude (m) Continuous 846
Mean annual rainfall (mm year−1) Continuous 487
Mean minimum temperature of the coldest
month (◦C)

Continuous −4.2

a Cultivation of tree fragments without previous treatment.
b Cultivation of tree fragments previously treated and controlled in a greenhouse.
c Includes: cost of harvest by knocking down, cost of pruning and cost of labour.
d Includes: cost of fertilizer, cost of fertilizers for leaves and cost of fertirrigation.
e Includes: cost of insecticides and cost of weed-killers.

The mean value has not been included for the discontinuous variables d

F
a

ig. 3 – Trapezoidal fuzzy numbers (low, medium, high)
ssociated to the variable % Picual variety.
ue to its lack of statistical meaning.

2.5. Fuzzy data mining tools: fuzzy association rules

Data mining techniques can be highly effective when analyz-
ing user knowledge. This is the case in particular of association
rules. Formally, let I be a set of items and T a set of trans-
actions, each transaction being a subset of I. Association
rules (ARs) (Agrawal et al., 1993) are “implications” of the form
A ⇒ C that relate the presence of itemsets (sets of items) A
(called antecedent) and C (called consequent) in transactions
of T, assuming A,C ⊆ I, A ∩ C = ∅ and A,C /= ∅. In order to
assess the accuracy and importance of ARs, confidence (noted
Conf(A ⇒ C)) and support (Supp(A ⇒ C)) are usually employed

(Agrawal et al., 1993). Both are based on the notion of and sup-
port of an itemset, defined as the percentage of transactions
containing the itemset. Then, Supp(A ⇒ C) = Supp(A ∪ C) and
Conf(A ⇒ C) = Supp(A ⇒ C)/Supp(A).
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Several authors have pointed out that the measure of con-
fidence can yield counterintuitive results. As proposed in
(Berzal et al., 2001, 2002), we employ Shortliffe and Buchanan’s
Certainty Factors (CF) (Shortliffe and Buchanan, 1975). Cer-
tainty Factor takes values in [−1, 1], indicating the percentage
of increment or decrement of our belief that the consequent
is true when the antecedent is true.

A relational database (RDB) is transformed into a set of
transactions by considering that each item is a pair <attribute,
value> and each transaction is associated to a tuple (row) of
the table, so a given item i = <A, a> appears in a given trans-
action t if the corresponding attribute A takes the value a in
the tuple corresponding to t. In order to obtain more meaning-
ful rules, numerical values in items are replaced by linguistic
labels defined by means of fuzzy sets. Since a linguistic label is
compatible with a crisp value to a certain degree, the item per-
tains to the transaction to that degree, leading to the notion of
fuzzy transactions as fuzzy subsets of items. There are some
proposals to obtain (fuzzy) association rules (FARs) from fuzzy
transactions. In particular, we follow that in (Delgado et al.,
2003).

Fuzzy transactions can be also obtained by using fuzzy
resemblance relations defined on a set of categorical values
(i.e., if a and a′ are resemblant to a certain degree ˛, then
a transaction containing the item <A, a> with degree 1 also
contains <A, a′> to a degree ˛). Again, this is useful since it
allows us to introduce the knowledge of users (farmers) about
the resemblance between terms employed in the database
(Sánchez et al., 2004). We can incorporate these items to fuzzy
transactions and obtain again rules as in (Delgado et al., 2003).

An association rule is considered strong iff both its support
and accuracy are above user-defined thresholds minsupp, and
(in our case) minCF. The computational procedure employed in
this paper in order to extract strong association rules in a set
of fuzzy transactions follows the adaptation of the classical
Apriori algorithm (Agrawal and Srikant, 1994) as proposed in
(Delgado et al., 2003). It consists of two steps:

(1) Obtain all frequent itemsets. An itemset B is said to be
frequent if Supp(B) is higher than an user-defined thresh-
old. This is the most computationally expensive part of the
procedure. We follow the Apriori algorithm, in which the
lattice of itemsets with respect to set inclusion is explored
level by level (i.e., first singletons, then itemsets contain-
ing two items, etc., . . .). Making use of the property that all
the subsets of a frequent itemsets must be frequent, we
employ the usual Apriori candidate generation in order to
discard as possible frequent itemsets those that have a
non-frequent subset.

(2) Generate all possible association rules from the set of fre-
quent itemsets. Given a two frequent itemsets B and B ∪ {i}
the rule B ⇒ {i} is strong iff its Certainty Factor is greater
or equal than minCF. This is a very fast computation.

The only necessary modifications to this procedure with
respect to the usual Apriori algorithm are: (a) calculation of

CF instead of confidence, and (b) dealing with the degrees in
fuzzy transactions when calculating the support. In the first
case, the complexity of the algorithm is the same since CF
is calculated from confidence and the support of the conse-
g r i c u l t u r e 6 5 ( 2 0 0 9 ) 99–113

quent of the rule in O(1) time. In the second one, an array of
k elements, corresponding to a selected set of alpha-cuts, is
employed to calculate the support in time O(1). A typical value
for k is 20.

In our experiments, we implemented the algorithm in Java
(since we wanted to use a programming language without
restrictions on machine architecture or operating system),
which let us to connect to our database system under Oracle
through a JDBC bridge. In practice, time and space employed
are similar to those of a classical Apriori algorithm, even tak-
ing into account the connection to the fuzzy database and the
internal computation.

3. Results and discussion

3.1. Data pre-processing and analysis of the survey

Of the 126 variables in the survey, only 34 remained following
the cleaning process (Table 1). The 34 variables cover a wide
range of characteristics of the olive agropedological system
considered in this study. Consequently, the variables initially
eliminated do not affect the essence of the research work. This
statement is based on some variables eliminated being repre-
sented implicitly in the variables kept, or else variables with
a specific interest to soil science and/or artificial intelligence,
but which are useless for evaluating the agricultural system.

Data for the average area of the farms show that the olive
grove in the survey (12 ha) is similar to the one given in statisti-
cal yearbooks for all of Andalusia (13.9 ha), downloaded from:
http://www.juntadeandalucia.es/agriculturaypesca/portal/
opencms/portal/portada.jsp. In terms of olive production,
the data are consistent with those of intermediate size olive
groves (between irrigated and mixed), with an olive fruit pro-
duction of 3230 kg ha−1 (higher than that of any non-irrigated
olive grove, although it should be noted that 31% of them
are irrigated). The mean production of olive oil is 736 kg ha−1

(22.8% of olive fruit production), which matches the figure given
by the Department of Agriculture and Fisheries (web page cited
before) for the region of Andalusia (southern Spain). The
percentage of oil in the olive fruit (22.8%) is agronomically
optimum. The quality is also within the optimum range since
the average acidity of fruit on tree is less than 1, which is a
requirement for extra virgin olive oil. Thus, the variables for
production and quality (variables P/Q) in the survey give an
olive grove consistent with the average in Andalusia.

The mean production costs (the sum of the partial costs of
tillage, pruning, harvest, pest-control substances and fertiliz-
ers) are slightly lower than those estimated in the bibliography
(Loring-Miró, 1999).

3.2. Fuzzy association rules

Table 2 shows the values ˛, ˇ, � and ı for the linguistic labels
(high, medium and low) of the numerical variables used in the
fuzzy data mining. Approximately 1420 FARs with positive Cer-

tainty Factor were obtained with the linguistic labels in which
the consequent is a variable of production (production in the
strict sense or yield) or of quality of the olive oil (acidity). Those
considered to be important were selected from this total of

http://www.juntadeandalucia.es/agriculturaypesca/portal/opencms/portal/portada.jsp
http://www.juntadeandalucia.es/agriculturaypesca/portal/opencms/portal/portada.jsp
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Table 2 – Possibility distributions for analyzed variables
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ules (Table 3), either because the value of its Certainty Factor
as high or because the rule was interesting from the point of

iew of expert knowledge. These selection criteria agree with
erzal et al. (2001, 2002).

In the study carried out, the consistency of the method for
btaining FARs by means of fuzzy data mining was confirmed
ith the following rule that is not included in Table 3: [Mean
inimum temperature in the coldest month = high] → [Mean alti-

ude = low] Certainty Factor = 1. The association between these
wo variables has universal validity.

From an analysis of the rules shown in Table 3 we con-
lude that we can only interpret the associations in which both
he antecedent and the consequent appear with extreme lin-
uistic labels: low or high. When the medium level appears,
he interpretation is ambiguous except in the cases in which
here is also a complete relationship between the three lin-
uistic labels of the two associated variables. This is the case
f % of young olive trees (2 to 5–8 years old) with the production
ariable: high % of young olive trees is associated with low pro-
uction, medium with medium and low with high production;
he trend in this case remains clear.
.3. User evaluation rules

he variables that favourably affect (high production, high
ield and low acidity) or unfavourably (low production, low
yield and high acidity) the production and the quality of the
oil (Tables 4–6) were selected. These rules may be deemed
to be user evaluation rules since they indicate the suitabil-
ity for olive cultivation according to the different attributes
and they have been drawn up on the basis of user knowl-
edge. This would be an evaluation method based on empirical
data (Dent and Young, 1981). Nonetheless, as we mentioned
before, this study is merely of an exploratory nature; the UER
indicate relationships between variables that may be obvious
(direct, that do not need interpretation, simple), contradictory
(that contradict the actual knowledge, either empirical or sci-
entific), interesting (that yield interesting information), etc. In
other words, they allow trends to be discovered that mostly
require specific research in order to be verified.

A first analysis of Tables 4–6 tells us that for the vari-
ables of production and quality considered (P/Q variables), the
number of UER in which the different variables are associ-
ated with an unfavourable P/Q is much greater than when
the P/Q is favourable. Even in the case of yield they do not
seem to be favourable UER (Table 5). This fact might be inter-
preted as a “law of the minimum”, similar to Liebigs’ Minimum
Law for the mineral fertilization of soils, or else considering

the concept of “limiting factor” used in evaluation (Dent and
Young, 1981). That is to say, the greatest influence that the
different variables exercise on the P/Q is when they have min-
imum or threshold values that limit the P/Q. When they are
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Table 3 – Fuzzy association rules used in the process for obtaining the user evaluation rules

Antecedent Consequent

Olive fruit production
(production)

% oil in olive fruit (yield) Acidity of oil (acidity)

Farming area (hectares)
High → low (0.49) High → low (0.50) Medium → low (0.36)
Medium → medium (0.62) High → medium (0.49) High → medium (0.50)

Number of olive trees
Low → high (0.40) High → low (0.44)

High → low (0.32)
High → medium (0.42) High → medium (0.27)

% Picual variety Medium → low (0.67)
High → low (0.43) Medium → low (0.60)
Medium → medium (0.44) High → high (0.31)

% planting with traditional
system

Low → low (0.58) Medium → low (0.53)
Low → low (0.42)Medium → medium (0.23) Low → medium (0.30)

High → medium (0.24)

% planting with modern
system

High → low (0.65)
Medium → low (0.48)

High → low (0.43)
High → medium (0.37)

% trees with three trunks
High → low (0.35) Medium → low (0.59) Low → high (0.41)
Medium → medium (0.43) Medium → medium (0.27) Medium → medium (0.30)

% in planting frame of less
than 10 m

Medium → low (0.60) Medium → low (0.60)
Medium → high (0.44)

Low → medium (0.26) Medium → medium (0.30)

% young olive trees (2 to
5–8 years)

High → low (0.70) High → low (0.48) High → low (0.47)
Medium → medium (0.30) Medium → low (0.47) Low → high (0.33)
Low → high (0.16)

% olive trees in full
production (>5–8 years)

Low → low (0.44) Medium → low (0.66) Medium → high (0.50)
Medium → medium (0.35) Medium → medium (0.24) High → high (0.47)
High → high (0.24)

% area using conventional
labour

Low → low (0.26) High → low (0.50)
High → high (0.74)

Medium → high (0.50) High → medium (0.50)

% area harvested by
knocking down

Medium → medium (0.32)
Low → low (0.58)

Low → low (0.32)
Low → medium (0.32)

Pruning intensity
Low → low (1.0) Low → low (0.45)

Low → low (0.36)
Medium → medium (0.24) Low → medium (0.28)

Pruning frequency (2
years/>2 years)

>2 years → low (0.50)
>2 years → low (0.60) 2 years → low (0.40)
>2 years → medium (0.50) >2 years → high (0.50)

Irrigation (with/without
irrigation)

With → low (0.35)
With → medium (0.20)

With → low (0.37)
Without → low (0.36)

Irrigation with own water (yes/no) Yes → low (0.28) – –

Phytosanitary treatments
frequency (1/>1 year−1)

1 → low (0.41) 1 → low (0.45)
>1 → high (0.41)

>1 → medium (0.35) >1 → medium (0.35)

Cost of management
(D ha−1)

Low → low (0.52) High → low (0.45)
High → high (0.39)Medium → medium (0.30) High → medium (0.30)

High → medium (0.30)

Cost of fertilization applied
(D ha−1)

Low → low (0.38) Medium → low (0.48)
High → high (0.62)Medium → medium (0.24) Low → medium (0.28)

High → high (0.46)

Cost of phytosanitary
treatments (D ha−1)

Medium → low (0.35) High → low (0.47)
High → high (0.37)

High → medium (0.33) Medium → medium (0.28)

Total costs (D ha−1)
Low → low (0.42) High → low (0.53)

High → high (0.57)Medium → medium (0.28) Low → medium (0.28)
High → high (0.46)

Olive fruit production
(kg ha−1)

– High → low (0.54)
High → high (0.63)

Medium → medium (0.25)

% oil in olive fruit
High → low (0.40) – Medium → low (0.56)
High → medium (0.30) High → high (0.58)
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Table 3 (Continued )

Antecedent Consequent

Olive fruit production
(production)

% oil in olive fruit (yield) Acidity of oil (acidity)

Acidity of oil (acidity)
Low → low (0.49) Medium → low (0.56)

–Medium → medium (0.33) High → low (0.47)
High → high (0.27) Low → medium (0.47)

Soil depth Medium → low (0.45)
Medium → low (0.50) Medium → high (0.30)
Medium → medium (0.30) High → medium (0.45)

Hardened layer depth
Medium → low (0.45) Low → low (0.66)

Low → high (0.66)
High → medium (0.51) High → medium (0.34)

Workability
Low → low (0.40) Low → low (0.51)

Low → high (0.50)
Medium → high (0.26) Low → medium (0.28)

Mean slope
Medium → low (0.42) High → low (0.65)

High → high (0.32)High → medium (0.32) Medium → medium (0.30)
Low → high (0.18)

Stoniness
High → low (0.55) Medium → low (0.41)

High → high (0.34)
Medium → medium (0.23) High → medium (0.41)

Soil texture

Sandy → low (0.51) Sandy → medium (0.32) Sandy → medium (0.39)
Sandy → medium (0.30) “Balanced” → low (0.50) “Balanced” → high (0.38)
“Balanced” → high (0.18)

Erosion (yes/no) Yes → low (0.30)
Yes → low (0.42)

Yes → high (0.34)
Yes → medium (0.22)

Soil colour

Dark grey → low (0.59) Very dark brown → low (0.74) Dark grey → low (0.50)
Brown → low (1) Greyish → low (1) Very dark brown → high (0.50)
Light grey → medium (1) Light grey → medium (1) Light red → high (0.50)
Light red → medium (0.50) Light red → medium (0.50) Greyish → high (1)
Greyish → high (1) Greyish white → medium (0.49)

Mean altitude (m)
High → low (0.45) High → low (0.52)

High → high (0.50)
Low → medium (0.26) Medium → medium (0.25)

Mean annual rainfall
(mm year−1)

High → high (0.40) High → low (0.69)
Low → high (0.37)

Medium → medium (0.31) Medium → medium (0.29)

Mean minimum
temperature of the High → low (0.4)

High → low (0.54) Low → high (0.42)
Medium → medium (0.27) High → medium (0.31)
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Antecedent → consequent (Certainty Factor).

ot limiting factors, they seem to be indifferent and there
re other variables which condition the production and the
uality.

There are interesting FARs amongst the three P/Q variables
Table 3). We consider these association rules to be UER, when
roduction is an antecedent of yield and acidity, and yield is
n antecedent of acidity (Tables 5 and 6). The inverse rela-
ionships only have a predictive value, an aspect that we do
ot deal with in this paper. The high production of olives is
ssociated with a low yield and high acidity. It is also noted
hat high yield is associated with high acidity. Therefore, when
e want to optimize the cultivation to produce quality oil,

his incompatibility between optimizing production, yield and
cidity should be taken into account.

.4. User evaluation rules from management variables
ome UER are obvious, as is the case of % of young olive trees or %
f olive trees in full production with the production (Table 4). Oth-
rs seem to be contradictory according to current knowledge.
This is the case of the negative relationship between irrigation
and production (irrigation with low production, Table 4) that
should be positive, as described in the bibliography (Pastor et
al., 1998), even more if we bear in mind the strong summer
drought in the region. This contradictory association might be
explained using a third variable: the Granada olive grove sys-
tem is undergoing a phase of modernization, and irrigation
and the rejuvenation of the olive trees are included amongst
the improvements (Calero et al., 2005); therefore, the olive
trees with irrigation are usually the youngest ones, which are
not yet in full production.

There are also UER that reveal knowledge that is difficult
to interpret, although the information that they hide is inter-
esting. For example: the rule that relates high production with
a low number of olive trees and its complementary rule that is
the one that associates low production with a large farming

area (Table 4). It should be borne in mind that the larger the
farming area, the larger the number of olive trees. How should
these two rules be interpreted? Does it mean that the greater
the number of olive trees, the less care taken by the farmer?
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Table 4 – User evaluation rules (UER) for olive fruit production (production)

Favourable (high production) Unfavourable (low production)

Management
Low number of olive trees High farming area
Low % young olive trees Low % planting with traditional system
High % olive trees in full production High % planting with modern system
High cost of fertilization High % olive trees with three trunks
High total cost High % young olive trees

Low % olive trees in full production
Low % area using conventional labour
Low pruning intensity
More than two year of pruning frequency
Irrigation
Irrigation with own water
Only one phytosanitary treatment by year
Low cost of management
Low cost of fertilization
Low total cost

Soil
Low mean slope Low workability
Balanced soil texture High stoniness
Greyish soil colour Sandy soil texture

Erosion
Dark grey and brown soil colour

Environment
High mean annual rainfall High mean altitude

High mean minimum temperature of the coldest month

owed
The values for the linguistic labels, high and low for each variable, sh

Or perhaps it means that the small farms are concentrated on
the best soils and the large ones include good and bad soils?
More research would be required to provide clearer answers.

Low total or partial management costs are related to low
production (Table 4). These UER are interesting and seem to
indicate that olive cultivation in the Province of Granada is
carried out on worn or marginal soils (through a long history
of cultivation and intense erosion processes) and therefore
the production requires financial inputs. The complemen-
tary rule (high cost of management ⇒ high production) does
not appear; we may deduce that there is a minimum finan-
cial input that limits the production, but once the latter has
been overcome, there is no directly proportional relationship
between production and financial input and there are other
variables responsible for the production.

Two UER associate high % of Picual variety with low yield
(Table 5) and high acidity (Table 6). The two dominant vari-
eties of olive in the Province of Granada are Picual and
Hojiblanca. The Picual variety is expanding since it has good
agronomical characteristics with an early start for produc-
tion, high productivity and yield and good adaptation to
different edapho-climatic conditions (Tous et al., 1998). How-
ever, according to Barranco et al. (1999) for the Province of
Granada it is not clear which are the most ideal species
since there is a different culture for olive production from
other places and this has given rise to the current unique

distribution. Our results fit in with the statements from
the aforementioned authors. Is the expansion of this vari-
ety that is admired in the Province of Granada appropriate
then?
in Table 2.

There are UER that associate the tree planting technique
and the final shape thereof with the P/Q variables. For exam-
ple, the shape of olive trees with three trunks, traditionally
deemed to be productive, is now associated with low produc-
tion (Table 4). At the present time, the trend is to obtain trees
with a single stump. This shape is deemed to be the ideal one,
not just through its productivity, but also because of the ease
of mechanising its collection (Barranco, 1998).

The UER that associate the variable for % area using con-
ventional labour with the P/Q variables are interesting. Low %
area using conventional labour is associated with low produc-
tion (Table 4), although the Certainty Factor for this rule is
low (Table 3). But a high % area using conventional labour with a
high Certainty Factor is related to low yield and high acidity
(Tables 5 and 6). It may be deduced that conventional labour
is perceived by the farmer as having a negative impact on
the P/Q. This rule matches the idea that points to conven-
tional labour (practices widely used by olive farmers who keep
the soil free from vegetation all year long by means of ongo-
ing work) as the system that most favours the loss of soil
through erosion and the splitting of roots, with the latter cre-
ating an imbalance in the growth and fructification of the tree
(Barranco et al., 1999; de Luna et al., 2000).

The frequency and the intensity of pruning, are variables
of handling that generate interesting UER. Low pruning intensity
is associated with low production (Table 4) and a low yield

(Table 5). Low intensity in pruning seems to have a negative
effect on production and the yield. Nonetheless in modern
olive growing, it is not recommendable in any event to carry
out severe pruning that might remove a great deal of leafage
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Table 5 – User evaluation rules (UER) for % oil in olive
fruit (yield)

Favourable (high yield) Unfavourable (low yield)

Management
– High farming area

High number of olive trees
High % Picual variety
High % young olive trees
High % area using conventional

labour
Low % area harvested by knocking

down
Low pruning intensity
More than two year of pruning

frequency
Without irrigation
Only one phytosanitary treatment

by year
High cost of management
High cost of phytosanitary

treatment
High total cost
High olive fruit production

Soil
– Low hardened layer depth

Low workability
High mean slope
Balanced soil texture
Erosion
Very dark brown and greyish soil

colour

Environment
– High mean altitude

High mean annual rainfall
High mean minimum temperature

of the coldest month
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The values for the linguistic labels, high and low for each variable,
showed in Table 2.

nd little wood (Pastor and Humanes, 1996). As regards to the
cidity, the UER are contradictory (Table 6), since low pruning

ntensity is associated with low acidity (favourable), whereas
ow pruning frequency (more than 2 years) is associated with
igh acidity (unfavourable).

.5. User evaluation rules from soil variables

he associations of the P/Q variables with the soil variables
re difficult to interpret and it is here that the method used
s more exploratory than ever. We should not forget that
his method involves variables that are neither measured nor
stimated, but rather they are obtained by processing uncer-
ain and imprecise information provided by the farmers. We
hall now briefly discuss some of the most interesting UER
btained.

Erosion seriously affects 57% of the land in the eastern part
f Andalusia (Moreira, 1991), where the Province of Granada is
ocated. This is a highly accentuated problem since the rate
f erosion due to the climate in this area is greater. We may
tate that most of the olive growing lands in the Province of
ranada suffer from the problem of water erosion; in fact,
i c u l t u r e 6 5 ( 2 0 0 9 ) 99–113 109

the types of soils described by Pérez-Pujalte (1980) in this
Province correspond to degraded soils to a greater or lesser
extent. When the farmers detect erosion, the UER demonstrate
an unfavourable situation: low production, low yield and high
acidity (Tables 4–6). Such an important problem as erosion is
well understood and soon detected by the farmers and is
related to the production and the quality of the oil. This fact
has not been described in the bibliography.

On the other hand, high erosion is related to high mean slope,
low hardened layer depth, low workability, high stoniness and
sandy soil texture, characteristics that are typical of degraded or
badly developed soils and which partially or fully prevent cer-
tain handling practices or the development of the roots. These
unfavourable conditions for olive cultivation are also detected
by the farmer and the pertinent UER are unfavourable for the
P/Q (Tables 4–6).

Soil colour generates interesting UER, although they are dif-
ficult to interpret except for the one that associates a greyish
colour with high production, low yield and high acidity, the
same trend as balanced soil texture (Tables 4–6). According
to the soil map for the Province of Granada (Pérez-Pujalte,
1980), greyish soils with a balanced texture are Regosols and
Cambisols over marls and marl-limestones, which are those
typically used for olive cultivation, and which abound in the
areas of Montefrío, Iznalloz and Vega (López, 1982), see Fig. 1.

These results confirm, on the one hand, that the knowledge
extraction method used in this paper is coherent and, on the
other hand, that the farmers have wide-ranging knowledge
about the soils that they work and that this knowledge could
be used to complement the scant scientific knowledge that
might be held about the soils.

3.6. User evaluation rules from environmental
variables

These FARs cannot be considered strictly as UER since the data
for altitude, rainfall and temperature were not obtained from
the survey amongst the farmers but rather from the topo-
graphic maps and from the rainfall monitoring stations in the
Province of Granada. In any event, the UER which do appear
(Tables 4–6) are coherent with the ecological requirements for
olive cultivation (Sys et al., 1991).

The high mean altitude is a limiting factor for cultivation,
since it conditions low temperatures. Bearing in mind the fact
that Granada is a highly mountainous Province, the high value
for the mean altitude is frequent and is associated with low
production, low yield and high acidity (Tables 4–6). Olive culti-
vation at high mean altitudes is also risky, in fact in many areas
of the Province of Granada their crops froze in the winter of
2004–2005.

A high mean annual rainfall, bearing in mind the lack of rain-
fall in the Province, is related with high production (Table 4),
whereas it is unfavourable because it is related to low yield
(Table 5). On the other hand, a low mean annual rainfall is
related to the increase in acidity (loss of olive oil quality) due
to unfavourable climatic conditions (Table 6).
The mean minimum temperature of the coldest month is related
with all three P/Q variables. When it is high it is associated with
low production (Table 4) and low yield (Table 5). The low mean
minimum temperature of the coldest month is associated with high
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Table 6 – User evaluation rules (UER) for acidity of oil (acidity)

Favourable (low acidity) Unfavourable (high acidity)

Management
High number of olive trees High % Picual variety
Low % planting with traditional system Low % olive trees with three trunks
High % planting with modern system Low % young olive trees
High % young olive trees High % olive trees in full production
Low % area harvested by knocking down High % area using conventional labour
Low pruning intensity More than two years of pruning frequency
Two years of pruning frequency More than one phytosanitary treatment by year
With irrigation High cost of management

High cost of fertilization
High cost of phytosanitary treatments
High total cost
High olive fruit production
High % oil in olive fruit

Soil
Dark grey soil colour Low hardened layer depth

Low workability
High mean slope
High stoniness
Balanced soil texture
Erosion
Very dark brown, light red, and greyish soil colour

Environment
– High mean altitude

Low mean annual rainfall

owed
The values for the linguistic labels, high and low for each variable, sh

acidity (Table 6), i.e., olive cultivation requires a cold period, so
that its production will be proper, but low temperatures make
it difficult to grow olives and cut down the quality of the oil.
The mean minimum temperature of the coldest month of around
−7 ◦C, is considered to be the temperature that defines the
geographical area for olive cultivation. The importance of this
quality is great since, in general, prolonged temperatures of
−10 ◦C cause the death of large branches and even that the
whole of the part above ground (Barranco et al., 1999). It is
deemed that the optimum level for this temperature comes
within the interval ranging between −4 and 2 ◦C (Sys et al.,
1991).

4. Final considerations and conclusions

Fig. 4 roughly summarizes the information cycle in the agri-
cultural system studied. The new technologies and knowledge
generated by research centres is transmitted over different
routes and finally comes to the farmers. Many farmers do
not receive this information directly, but through other farm-
ers in what we might call an “imitation chain”. Transfer of
this information on growing olives presents a severe problem
for extrapolation of the experimental results: from experi-
mental farms with controlled soils, environmental conditions,
agricultural practices, type of plant, etc., the information is

transferred to real farms, where these parameters are differ-
ent and not as controlled. Short, mid and long-term results
found for this crop may be different and even contradictory
to the experimental results, and must generate “information
Low mean minimum temperature of the coldest month

in Table 2.

feedback” in the other direction, which permits the results of
research to be evaluated. This information feedback is funda-
mental for the agricultural production system to be effective
and sustainable, since it enables errors to be detected quickly
and thereby avoid obsolete or erroneous practices, unfounded
beliefs, etc., typical of the agricultural systems.

This paper proposes the use of fuzzy data mining tech-
niques to increase and filter that information feedback using
adequate processing of the data supplied by the farmers in
their surveys. The method proposed allows real farms to be
considered experimental plots and the farmers (users) as
“researchers” whose experiences are crossed with those of
other farmers to generate information feedback (user knowl-
edge) with general validity.

Information feedback is acquired in this paper by means of
fuzzy data mining expressed as user evaluation rules. The UER
found allow certain agricultural practices or certain growing
conditions to be qualified as favourable or unfavourable for
fruit production, oil yield or acidity of oil. The set of UER could
make up a land evaluation system, since the purpose is, as
shown by Beek (1978) to: “predict the input, outputs and other
favourable as well as adverse effects resulting from specified
uses of the land that is being evaluated”.

Nevertheless, the method proposed goes beyond a land
evaluation system, because UER agree in many cases with
those mentioned in the bibliography, with the expert rules

being based on specific studies of a scientific nature. In other
cases, user knowledge allows us to complete scientific knowl-
edge, by providing aspects not yet studied in the bibliography
available. Many of the UER are highly complex and are diffi-
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Fig. 4 – Information cycle in

ult to interpret, due, on the one hand, to the lack of scientific
nformation, and on the other hand, to the appearance of
nexpected inconsistencies. This is why, within the rules

ound, a great number of hypotheses may be established, mak-
ng user knowledge and fuzzy data mining techniques very
ffective exploratory tools complementing to scientific knowl-
dge.

Specifically, the UER enable us to arrive at interesting
onclusions in this paper with regard to olive growing in
he Province of Granada. Among these conclusions we could
mphasize: (1) “Farming area” and its complementary variable
number of olive trees” indicate that large farms (large number
f olive trees) do not favour production. In the statistical
earbooks provide by the Andalusian Regional Government
http://www.juntadeandalucia.es/agriculturaypesca/portal/
pencms/portal/portada.jsp), the tendency is to increase the
ize of the farm. Is this evolving in the right direction? (2)
he current expansion of the Picual variety of olive is not

ustified by our results. (3) Conventional labours do not favour
roduction or quality of the oil. They are obsolete practices
ustained by tradition. (4) Soil erosion, the main environmen-
al problem in Southeast Spain, is not only an environmental
roblem but is unfavourable for production and the quality of
he olive oil, the main agricultural product in the area. (5) The
armers (users) have important information on the soils they
ultivate and this information can be extracted and trans-
erred to other fields (scientific or technological) by fuzzy data

ining.
Finding UER by fuzzy data mining, as described in this

aper, is not an isolated goal, but has the final aim of building
n information system providing assistance in decision-
aking, to improve olive oil production and quality, and to

etermine the suitability of land for a sustainable culture of
live trees in Andalusia. It is intended to create an interactive
ystem that will provide information to, and simultaneously
eceive information from, the different users of the system,
sing a flexible query procedure. The experience based on this

dvanced data processing methodology could be extended to
live growing in the whole Mediterranean basin and to other
eographical areas around the world and even to other kinds
f crops.
gricultural system studied.
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