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Abstract. Precision agriculture has different strategies to collect, process and analyze data of different types and nature to be able
to make decisions that improve the efficiency, productivity, quality, profitability and sustainability of an agricultural production.
Specifically, crop sustainability is directly related to reducing costs for farmers and minimizing environmental impact. In this
paper an application to help in the decision making about the most convenient type of crop to plant in a certain zone is developed,
taking into account the climate conditions of that zone, in order to make the crop sustainable. This application is integrated within
an Internet of Things system, which is adaptable and parameterized for any type of crop and zone. The components of the Internet
of Things system are described in detail and a fuzzy clustering model is proposed for the intelligent module of the system. This
fuzzy model focuses on making a grouping of zones (zone management), taking into account the climatic conditions of a zone.
The model manages fuzzy data, which allows for more extensive information and more natural treatment of the data. Finally, A
real study case for the application proposed is presented using data from Region of Murcia (Spain). For this study case it has
been described the whole deployed Internet of Things system. Also, the intelligent fuzzy clustering model to create similar areas
in terms of meteorology has been validated and evaluated. In addition, the recommendation and decision support module has
been implemented, taking into account real production data and resources needed for the crops in the Region of Murcia (Spain).

Keywords: Precision Agriculture, Sustainable Agriculture, Intelligent Data Analysis, Clustering Analysis, App

1. Introduction

In the agricultural sector, numerous decisions are
made every day with the aim of obtaining the best pos-
sible yield from crops, both in terms of productivity
and the resources necessary to obtain a good produc-
tion. Nowadays, it is important to support this deci-
sion making in the large amounts of data that are being
stored from the agricultural environment. For this deci-
sion making, precision agriculture can be help because
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provides us with a set of tools and techniques with the
aim of improving the quality, productivity, efficiency
and sustainability of crops while trying to minimize
environmental impact [9].

There are more and more mechanisms to be able
to plant any type of crop in any area, however, these
mechanisms imply an extra economic cost, as well
as a possible over-exploitation of the available natu-
ral resources. This causes the lack of sustainability of
these crops and a high environmental cost. For exam-
ple, growing crops in cold areas that are vulnerable to
cold weather means that farmers have to use anti-frost
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techniques to prevent the loss of their crops, causing
an increase in the cost of producing the crops and an
increase in the environmental impact.

Internet of Things (IoT) systems have shown a new
direction of innovative research in the agricultural field
[16]. These systems, applied in the agricultural field,
allow us to obtain a great amount of data, which are
analyzed and allow us to monitor and create decision
support systems for farmers, in order to improve their
benefits, decreasing their costs and increasing the pro-
duction of their crops, among other functions [4]. The
IoT systems are characterized by the fact that they are
made up of IoT devices connected by communication
technologies that allow the collection of data so they
can be analyzed in their intelligent component and then
show the possible decisions and/or actions to the end
user [14]. These actions or decisions will provide in-
formation to the user, always taking into account that
this information must be adapted to the type of end
user.

In this work, an intelligent component integrated
within an IoT system is developed, to advise farmers
which type of crop will have more yield and be more
sustainable in their area, in order to reduce costs and
increase profits. The communication of this compo-
nent with the farmers will be done through an applica-
tion (App), proposed and designed in this work, which
will have a friendly and configurable interface to be
used in different crops and in different areas.

The intelligent component is based on designing and
applying a procedure of grouping regions with similar
climatic conditions and then performing a yield anal-
ysis of each region to advise the farmer in the regions
with the worst yield and the type of crop in the re-
gions with the most optimal yield. The procedure takes
into account the uncertainty of the climatic conditions
transferring it to the SoftComputing framework that
will allow us to deal with imperfect data and, therefore,
to express in a more correct way the true nature of the
data. This procedure is based on Intelligent Data Anal-
ysis process (IDA process) using the large amounts of
available data from crops and weather stations that al-
low a non-experimental data analysis to optimize pro-
duction and make agriculture more resilient to climate
change.

Within the data mining phase of the IDA process a
fuzzy clustering method is proposed. This method al-
lows regions to be grouped taking into account climatic
variables and to make decisions using additional crop
sustainability information (zone management). Specif-
ically, we focus on groupings of regions from differ-

ent areas of the Region of Murcia (south-east of Spain)
by means of a this fuzzy clustering technique proposed
from the data collected from various weather stations.
In addition the proposed intelligent component is val-
idated and implemented in a real case study where
the complete IoT system is described, emphasizing the
App that provides the recommendations to the farmers
can make the best decisions for their crops.

The structure of the work is as follows: In Section
2, works that try to solve problems in agriculture us-
ing clustering techniques for zone management are re-
view. In Section 3 the IDA process based on a fuzzy
clustering technique implemented to obtain the model
that generates knowledge in the IoT system is pre-
sented. Section 4 describes and details the develop-
ment and the different elements that make up the pro-
posed farmer App, indicating its components, its inte-
gration and its deployment within the IoT system. Sec-
tion 5 presents a study case where the whole IoT sys-
tem is deployed and details specific results of the use-
fulness and knowledge generated by the App proposed
in this work. Finally, Section 6 shows the conclusions
of the results obtained and the different future work to
be performed.

2. Zone Management in precision agriculture
problems

Precision agriculture addresses a wide range of agri-
cultural problems with the aim of making crops more
sustainable, enabling farmers to maximise their profits
and reduce their losses. One of the tools that precision
agriculture uses to predict and help to make decisions
is machine learning techniques [9].

The most common problem faced by the farmers is
they do not opt crop based on the necessity of soil and
weather conditions, as a result they face serious set-
back in productivity. This problem can be addressed
through precision agriculture. This strategy takes into
account several parameters, viz: soil characteristics
and types, weather conditions and crop yield. Data
collection based on these parameters suggesting the
farmer suitable crop to be cultivated. Precision agricul-
ture helps in reduction of non suitable crop which in-
deed increases productivity, apart from the following
advantages like efficacy in input as well as output and
better decision making for farming.

It should be noted that successful application of pre-
cision agriculture on farms requires detailed character-
isation of yield limiting factors such as soil water re-
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tention capacity and extreme temperatures, identifica-
tion of agronomically sound and homogeneously man-
aged macro-areas, and selection of the most suitable
crops and their management for each zone, this is de-
fined as zone management [13]. In this framework, dif-
ferent contributions have been made in recent years,
taking into account that in most of them, clustering and
fuzzy clustering techniques are the most successful in
results.

For example, the spatial-temporal change in agricul-
tural distribution in Thailand is analyzed in [8] dur-
ing the period 2007-2015 using cluster, outlier and
hot spots analysis. The conclusions, and main objec-
tives of the analysis, are to support and contribute to
the strengthening of energy and food security through
adaptation or survival to climate change for the period
2015-2021.

The authors of [17] address the problem of Indian
farmers who do not choose to cultivate according to
the need for the soil, and therefore face a serious de-
cline in productivity. They propose a system of recom-
mendation through a majority voting assembly model
using techniques such as random tree, k-neighbor and
naïve bayes to recommend a suitable crop.

In [19] a study on the effective use of agricultural
land by calculating economic indicators is carried out.
The authors perform a cluster analysis with which they
obtain three clusters in terms of economic efficiency of
agricultural land use in the Lviv region.

In [22], the authors attempt to estimate the area un-
der cultivation and the categorization of types of agri-
cultural products in order to achieve sustainable devel-
opment in agricultural studies. In this study, an unsu-
pervised zoning of the cultivation areas with the same
cultivation pattern in the Golestan Province is per-
formed by a multi-stage method with which they ob-
tain the cluster with Spectral Angle Mapper algorithm
producing a mapping of the regions with the same cul-
tivation pattern.

The authors of [15] developed a cluster-based method
to analyse the spatial relationship between a set of
variables and to determine the management zones in a
vineyard taking into account areas with homogeneous
characteristics that are likely to be affected by multiple
interrelated factors. The aim of obtaining these zones
is to improve irrigation management and agricultural
decision-making. In [10], the expectation maximiza-
tion algorithm is developed to transform the series of
seasonal rainfall in order to identify the homogeneous
zones of rainfall in the winter and summer crops in
the state of Parana, Brazil. The authors used average

monthly rainfall data collected from 157 weather sta-
tions over 20 years. The results indicated that in all the
crops analyzed, three clusters were presented, indicat-
ing low, moderate and high rainfall according to the
area of the country. Another work that manages and
tries to optimize irrigation by means of precision agri-
culture is presented in [6]. This study presents a per-
formance evaluation between different statistical and
clustering algorithms to analyze an irrigated field with
an important spatial variation of the soil. In addition,
the main attribute for zoning such as soil apparent elec-
trical conductivity , space-borne satellite images and
yield data were required as ancillary data. The results
indicate that clustering techniques are more effective
with the soil apparent electrical conductivity attribute
being the most effective. Another work where cluster-
ing methods obtain good results is presented in [12].
In this work, the modified approach of several cluster-
ing methods is used to group data based on districts
that have temperature, rainfall and soil type on the one
hand, and to group data based on districts that are pro-
ducing maximum crop production, focusing on wheat
on the other. Based on the clustering obtained, the op-
timal parameters to produce the maximum crop pro-
duction in India are analyzed and obtained.

In [5], a general study and a comparative study on
different types of clusters is carried out to group differ-
ent cultivation areas. Specifically, the evaluation was
carried out with data obtained between 2010 and 2015
from three commercial agricultural elders cultivated
with soybean and maize in Brazil. In general, the be-
haviour of all clustering algorithms was satisfactory
for the purpose indicated.

The authors of [20] conduct a study on hierarchical
and non-hierarchical grouping methods and the Fuzzy
C-Means method. As a case study, these methods are
applied to the clustering of 15 governorates in Iraq
on the basis of some agricultural crops. The authors
conduct a comparative study and evaluation of differ-
ent statistical and fuzzy clustering methods, being the
Fuzzy C-Means the best method. Another paper that
deals with the management of the area through cluster-
ing techniques is presented in [7]. This paper experi-
ments and compares the clustering algorithms K mean,
Fuzzy C Means, Possiblistic Fuzzy C Mean and Linde
Buzo Gray to delineate management zones in preci-
sion agriculture. The objective of the zone delineation
determination is for the application of the fertilization
process. Sugarcane was selected as a case study for the
experimentation of management zone delineation. The
study considers 14 important nutrients of the crop for
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the delimitation. Again a fuzzy clustering technique
obtains better results in the experiments.

As the analyzed works represent, the different clus-
tering techniques are used with satisfactory results for
the zone management covering different types of prob-
lems. Hence, for the problem of creating groups with
similar climatic conditions presented in this paper, a
fuzzy clustering technique is selected to create the de-
cision support model.

3. IDA process based on a fuzzy clustering
technique

Cluster analysis is one of the most outstanding de-
scriptive tasks in the IDA process. The idea is to par-
tition a dataset into groups with similar characteris-
tics. It is an unsupervised task and the groups obtained
could be considered as classes.

In this work a fuzzy extension of a classical clus-
tering algorithm [11] is proposed. This technique can
work with nominal and numerical attributes described
by crisp and fuzzy values. The proposed algorithm
will be named CCLUSimp. Extending the type of val-
ues with which the different measures available in a
given problem can be expressed, allows to provide
these measures in a more real and natural way. For ex-
ample, the measurement obtained through a sensor can
be expressed by a fuzzy value, incorporating informa-
tion on the error committed by the sensor, or the differ-
ent values obtained from the same measurement (for
example, the mean value, minimum value and maxi-
mum value of the measurement) can be grouped into
an interval or fuzzy value that includes this knowledge.

In general, a clustering algorithm groups a dataset
E into c partitions trying to keep the data within the
same cluster as close as possible and the clusters as
far as possible. The objective function plays an im-
portant role in a clustering algorithm. Given a dataset
E = {x1, x2, . . .}, where each instance is described by
n attributes xi = {xi

1, x
i
2, . . . , x

i
n}, the objective func-

tion to be minimized is defined as
∑|E|

j=1

∑c
i=1 d(x j, vi)

where c is the number of clusters, |E| is the number
of available instances, vi = (vi

1, v
i
2, . . . , v

i
n) is the clus-

ter center i, and d(x j, vi) is a function measuring the
distance between the instance x j and the cluster center
vi.

3.1. CCLUSimp Algorithm

Taking as a basis the general clustering algorithm
described in [1] an extension of it is carried out This

extension allows working with imperfect data, that is,
that in the input dataset there can be values expressed
by nominal and numerical values, precise and impre-
cise (intervals and fuzzy sets).

Let’s suppose a set of examples E = {x1, x2, . . .} to
be grouped. Each example is described by n attributes
such as x j = {µ j

1, µ
j
2, . . . , µ

j
n} where µ j

k is the member-
ship function of a fuzzy set of a nominal or numeri-
cal attribute. For this purpose the objective function is
minimized:

J =

|E|∑
j=1

c∑
i=1

F(x j, v j)

where c is the number of clusters, |E| is the number of
examples, v = (v1, v2, . . . , vc) is the vector of centers,
vi = (vi

1, v
i
2, . . . , v

i
n) is the center of the cluster i, and

F(x j, vi) is a function that measures the distance (could
also be considered a measure of similarity) between
the example x j and the centroid vi.

The main steps are shown in the Algorithm 1.

Algorithm 1: CCLUSimp Algorithm

Input Dataset E, Value c; 1 6 c 6 |E|
Initialize randomly the cluster centers vector v
while vi(t)− vi(t − 1) > ε do

Calculate the index sets Ii; i = 1, . . . , c composed
with the set of instance indexes that are closer to
the cluster center vi than to any of the other
cluster centers.
Recalculate the cluster centers

end while

In Algorithm CCLUSimp since the numerical and
nominal values of the input data can be expressed by
fuzzy values, the centers of the cluster will also be
fuzzy values and the distance function must be a het-
erogeneous similarity/dissimilarity function between

fuzzy values, F(x j, vi) =
∑n

k=1 f (x j
k ,v

i
k)

n where:

– If the k attribute is numerical, the distance of Di-
amond [2] is used:

f (x j
k, v

i
k) =

√
(a−a′)2+(b−b′)2+(c−c′)2+(d−d′)2

4

maxk − mink

where x j
k and vi

k represent the k-th attribute of ex-
ample x and centre v whose values are defined
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by the quadruples (a, b, c, d) and (a′, b′, c′, d′) re-
spectively. maxk, mink are the maximum and min-
imum values of attribute k in the dataset.

– If attribute k is nominal the measure of Dubois
and Prade [3] is used:

f (x j
k, v

i
k) = 1−

Card(x j
k
⋂

vi
k)

Card(x j
k
⋃

vi
k)

where x j
k, v

i
k are crisp/fuzzy nominal values and

Card(x j
k
⋂

vi
k) and Card(x j

k
⋃

vi
k) are defined as

the cardinality crisp subsets obtained by the union
and intersection of x j

k and vi
k, respectively.

The update of the cluster centers from the crisp par-
tition Ii is carried out as follows, where |Ii| is the num-
ber of examples belonging to cluster i:

– If attribute k is nominal: vi
k =

1
|Ii|

⋃
x j∈Ii

x j
k

– If it is numeric: 1

|Ii|
∑
x j∈Ii

a j
k,

1

|Ii|
∑
x j∈Ii

b j
k,

1

|Ii|
∑
x j∈Ii

c j
k,

1

|Ii|
∑
x j∈Ii

d j
k


since vi

k is a vector (a′, b′, c′, d′). In the same
way, the distance between centers that is used as
a stop criterion is calculated using the same simi-
larity/dissimilarity measure.

4. Development and description of an App for the
farmers

This section describes the different elements that are
part of the development of an application, which, mak-
ing use of the available data from various sources of
the agricultural domain and the technique presented in
the previous section, provides to the farmer a recom-
mendation about the type of crop that must be produce
on his plot with the aim of improving production and
sustainability.

In the development of the App, the server is a main
element since it will be the one that contains the main
control core of the application. Its general operation
consists of acquiring data from the cloud from time to
time Tu, some of them are sent to the preprocessing
module that performs the necessary data transforma-
tion to update the mineable view, and other ones, con-
taining information about crop production by area, are
incorporated into the recommendation module. The

update of the IDA model from the new mineable view
will be carried out in offline mode. The updated model
will be available on the server together with the rules
engine built from this model. This information pro-
vides the knowledge extracted from the data that the
application provides to the farmers to help them make
their decisions through the recommendation module.
In addition, previously, information about each type of
crop is incorporated into the recommendation module
in the form of a database that will be available to other
applications, since there is currently no repository that
allows obtaining this type of information.

Figure 1 shows the whole architecture of the App.
As can be seen in the figure, the architecture is made
up of the server and the Data collection, Data prepro-
cessing, Intelligent Data Analysis and Recommenda-
tion modules.
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Fig. 1. An App for farmers

The flow chart in Figure 2 shows the working
scheme of the main control core of the server to carry
out the updating of system data.

T>Tu

yes

loop

Recommendation
data actualization

Data preprocessing

Data collection
Minable view
actualization

Fig. 2. Functional scheme of the updating of system data
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The result provided by the application will be an or-
dered list of types of crops recommended based on two
premises, 1) how important is the production of that
crop on grounds with similar climatic conditions and
2) the amount of necessary resources for these crops
respecting the sustainability criteria. The farmer can
establish the importance of these two requirements in
the information provided by the system based on his
preferences or the agrarian policies established by the
government in said area. In the next sections, the dif-
ferent modules are explained.

4.1. Data collection Module

As we have previously commented, this module
must obtain data from two different types of sources.
On the one hand, it takes data to update the mineable
view in order to obtain the data mining model of the
App. On the other hand, it must collect data that allow
to build the recommendation to the farmer using the
IDA model and the rules built.

To obtain the mineable view, data sources with
information about various climatic variables will be
used. These data sources are provided by public
weather stations located in various terrains of the re-
gion where the application is deployed. For the devel-
opment of the recommendation module, data on the
production by zones of the different crops will be ob-
tained. All of them are Open Data Sources available in
the cloud. The information about resources needed by
crops (fertilizers, water, ...) is previously collected.

4.2. Data preprocessing Module

This module performs the data processing necessary
to obtain the mineable view used by the module of In-
telligent Data Analysis module. This module will start
working every time it is activated the updating of data
of the weather conditions from the different considered
ground areas of Data collection module.

In this module, among other cleaning and format-
ting operations, the transformation of certain data into
fuzzy values will be carried out. This transformation
allows, on the one hand, to decrease the number of at-
tributes in the problem and, on the other hand, to ex-
press in a more appropriate way the true nature of cer-
tain information. This is the case of attributes that pro-
vide the maximum, minimum and average values of
the same measure and that can be related and expressed
through a fuzzy value. This transformation provides
good results when obtained data are used by appropri-
ate intelligent data analysis techniques.

4.3. Intelligent Data Analysis Module

The Intelligent Data Analysis module contains the
fuzzy clustering algorithm proposed in this work that
can deal with data described by crisp/fuzzy values in
both numerical and nominal attributes. Obviously, the
modular structure of the application allows the inclu-
sion of other Intelligent Data Analysis techniques that
obtain a description of the problem expressed in the
form of clusters and can deal with the type of infor-
mation used. The model obtained in this module is up-
dated offline every time an update of the mineable view
is carried out according to the diagram represented in
Figure 2. The module also contains specifications of
the configurable parameters of the technique and in-
cludes the procedure necessary to adjust those that are
necessary (for example, the value of c).

Once the model is obtained in the form of clus-
ters using the CCLUSimp algorithm, data from differ-
ent ground areas with similar weather conditions are
grouped. Internally, the percentage of data from each
ground area that is grouped in these clusters is known
(although the ground area from which each data comes
is not used during the model’s learning phase). This al-
lows us to relate each cluster to the physical location
of the area or areas that cluster represents.

This physical location allows that the Recommen-
dation module generates the output since it can access
to other types of information available from those lo-
cations, for example, types of crops in those locations,
resources used, profitability of crops, etc.

From the knowledge obtained from the IDA model,
the set of rules of the rules engine is built. For each at-
tribute of the problem, a partition is defined in the form
of 5 fuzzy labels (very low, low, medium, high, very
high) to describe the information of each cluster based
on them. In general, any value relative to resources
needed by a given crop will be expressed in an equiv-
alent way by means of these labels and the similarity
of this label with that of the corresponding cluster, will
make that crop be considered more or less sustainable.

4.4. Recommendation Module

It is the module in charge of providing the output of
the App in the form of recommendations to the farmer.
The output consists of an ordered list of types of crops
recommended for cultivation on the farmer’s plot. The
ordering of the elements in this list will be made based
on the production amount of each crop and the re-
sources used by them in areas with climatic conditions
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similar to the farmer’s plot and that respect the idea of
sustainable cultivation.

A farmer’s request for a recommendation will be
made using IoT devices. The recommendation module
obtains the geographical areas with climatic condition
similar to his plot according to the IDA model (infor-
mation from the cluster to which the instance repre-
senting the farmer’s data belongs) and generates an or-
dered list in descending order of crops suitable for his
plot .

Therefore, given the instance that represents the
user’s data, the cluster i to which the instance belongs
is obtained. In this cluster, there are certain ground ar-
eas a represented with their weight (pai ).

In the Recommendation Module there will be infor-
mation available for each ground area represented in
the cluster about the quantity produced of each type of
crop in that area. In addition, other information about
the resources needed by the crops is also available.

The ordination of crops in the final list provided to
the farmer is obtained based on the score obtained for
each crop X as:

Vcrop(X) =
∑

a

pai · (α1 ·
proda(X)
T proda

+α2 · S imil(X, i))

where α1 and α2 indicate the importance assigned to
the production amount and the need of resources re-
spectively, T proda is the total production in the ground
area a, proa(X) is the production of crop X in area a,
S imil(X, i) it is a value that measures how similar the
characteristics of the crop X are to the information of
the cluster i expressed through fuzzy labels. This score
is obtained from the rules engine. The weights α1 and
α2 can be adjusted by the farmer according to his in-
terests and the specific agricultural policies of the area
where his plot is located.

The Recommendation module can be scaled to take
into account other types of additional or different in-
formation for the generation of user recommendations
based on other criteria.

4.5. Integrating the App into the IoT system

The developed App is integrated into the IoT sys-
tem through the App server. For this integration, a FI-
WARE infrastructure [23] is used for the implementa-
tion of the App as it facilitates the process of extract-
ing, transforming and storing the data needed in it. FI-
WARE is committed to the collaborative development

of ’smart-solutions’ and technologies such as Internet
of Things, Cloud Computing and Open Data.

The App server of the proposed IoT system inte-
grates a FIWARE server. The FIWARE server is in
charge of receiving the information from the sensors of
the weather stations, storing this information and pro-
viding the appropriate web services that will be used
by the graphic user interface to visualize this informa-
tion, as well as to serve as a data source for the Intelli-
gent Data Analysis module. This part of the system can
be considered a key element for the proposed software
architecture, as it hosts all the proposed software com-
ponents running in the backend and allows the users to
establish the basic virtual infrastructure needed to run
the application using the APIs provided by FIWARE.

Figure 3 shows an overview of the elements run-
ning on the FIWARE server, including the Intelligent
Data Analysis module and the Recommendation mod-
ule. Although these two modules are not directly part
of FIWARE, they have been integrated to complete the
functionality and data consumption performed by the
databases implemented in the FIWARE server.

Fig. 3. General scheme of the FIWARE infrastructure used

As shown in the figure, in order to interact with the
application, data are collected by means of IoT de-
vices (weather stations) located in the farmers’ plots
(see Section 5.2.1). The context information is in a
non- SQL database (Mongo DB) with the help of the
Orion Context Broker. FIWARE data models appropri-
ate to the type of information provided by these de-
vices will be used to integrate these data into the App.
In addition, the server is prepared to integrate HIVE
tables to collect available data from weather stations
at the region level and data to agricultural information
of the recommendation module regarding production
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and resources in order to respect the sustainable crite-
ria maintaining a good production.

5. A study case

As shown in the section 4, the App basically consists
of two phases: one in charge of obtaining the intelli-
gent model that captures the knowledge provided by
the data, and the other in charge of providing knowl-
edge to the farmer on demand. In this section a specific
study case is shown. The case reflects the two phases of
the operation of the App, focuses on the Autonomous
Community of the Region of Murcia (Spain). Many of
the areas focus on agriculture (fruit and vegetables),
which represents a strategic sector in the economy of
this Region. A crucial aspect in their economy is the
agro-food production for export, since it represents a
percentage of more than 50% of the regional market.
Of their total area, 50% is used for cultivation (67% as
dry land and 33% as irrigated land). It should be noted
that if the App has already been used previously, the
model obtained from the data will have already been
calculated and therefore the App will continue directly
with phase 2.

5.1. Running the App: Obtaining the models and
useful knowledge

During this phase 1, the App activates the modules
shown in the Figure 4.
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Fig. 4. Architecture activated when the App performs modeling and
obtains useful knowledge.

5.1.1. Information collection
The App starts with the "Data collection module"

collecting more technical information. The used infor-
mation of these areas from the point of view of weather
information is obtained from the Agricultural Informa-
tion Service (SIAM, http://siam.imida.es) of this Re-
gion. The collected data correspond to 12 weather sta-
tions (see Table 1) distributed in the different areas of
the Region.

Table 1
Description of the weather stations in study of the Region of Murcia,
Spain.

Altitude
Noroeste area

Station CR12 869m
Station CR32 433m

Altiplano area
Station JU71 401m
Station JU81 341m
Station JU42 658m

Vega del Segura area
Station CI52 275m
Station CI42 244m
Station MO22 146m

Campo de Cartagena area
Station TP91 56m

Valle del Guadalentín area
Station AL41 169m
Station LO21 356m
Station LO41 693m

CR12

JU71

JU42

LO21

JU81

MO22

CI42

CR32 

CI52

LO41

LO61

TP91

AL62

AL41

CR12

JU71

JU42

LO21

JU81

MO22

CI42

CR32 

CI52

LO41

LO61

TP91

AL62

AL41

CR12

JU71

JU42

LO21

JU81

MO22

CI42

CR32 

CI52

LO41 

TP91
AL41

CR12

JU71

JU42

LO21

JU81

MO22

CI42

CR32 

CI52

LO41 

TP91
AL41

Each station is equipped with the following sen-
sors and ephemeris: weather vane, radiometer, rain
gauge, data-logger and thermo-hygrometer. The infor-
mation collected corresponds to 4 years during the pe-
riods from 01/12/2016 to 31/03/2019 (approximately
the meteorological winter). The initial data obtained
from SIAM sensors correspond to values obtained ev-
ery 5 minutes and these are grouped 12 by 12 to show
only values for each hour. For this reason, some of
the measurements show the minimum, mean and max-
imum values for each hour. The type of information
obtained is shown in the Table 2.

5.1.2. Data preparation: dataset
From the information collected, the App continues

with the "Data processing module". All measured at-
tributes are used, where attributes with several values
for the same measurement (min, med, max) are trans-
formed into fuzzy attributes. The fuzzy attributes are
“Relative humidity” (RH f ), “Radiation” (Rad f ),“Wind
speed” (WS f ) and “Temperature” (T f ). The other at-
tributes are “Wind direction” (WD), “Cooling units”
(Hf_R), “Sunlight” (S), “Rainfall” (R), “Accumulated
radiation” (ARad) and “Wind run” (WR).
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Table 2
Information collected every hour for each station (noted with its sta-
tion code)

Wind direction (o) Cooling units
Min relative humidity (%) Mean relative humidity (%)
Max relative humidity (%) Sunlight
Rainfall (mm) (R) Accum. radiation (W/m2)
Mean radiation (W/m2) Max radiation (W/m2)
Wind run (in to hour) Min temperature (oC)
Mean temperature (oC) Max temperature (oC)
Mean wind speed (m/s) Max wind speed (m/s)

Fuzzy attributes are represented by fuzzy trape-
zoid values [v1, v2, v3, v4] where v1 and v4 have de-
gree of belonging 0, and both v2 and v3 have de-
gree of belonging 1. The fuzzy attributes RH f and T f

are constructed from their three measurement values
(min,med,max) as follows: v2=med-5%med, v2=med-
5%med, v1=min and v4=max. The fuzzy attributes
R f and WS f are constructed from their two measure-
ment values (med,max) as follows: v2=med-5%med,
v2=med-5%med, v1=2med-max and v4=max. In the
circumstance that v1 6minglobal, then v1=minglobal.

The values of the measures corresponding to the
missing values have been maintained. In these cases,
the constructed attributes contain trapezoidal fuzzy
numbers [v1, v2, v3, v4] where v1=v2=minglobal and
v3=v4=maxglobal.

Therefore, the dataset that the module returns to the
server is formed by 104544 instances with 10 attributes
joint to the station code. In Figure 3, the descriptive
information of this dataset is shown.

Table 3
Descriptive information of the built dataset containing 104544 in-
stances (8712 per station) and 10 attributes and the station code

Numeric
Nominal Missing value

minimum maximun

WD 0 360 184
Hf_R -1 1 0
RH f 5.57 99.98 250

S {yes,no} 0
R 0 33 0

ARad 0 4.22 26136
Rad f 0 1173.17 0
WR 0 1.76 0

T f -9.75 40.45 6
WS f 0 11.72 0

5.1.3. Model construction
At this stage, the App continues with the "Intelligent

Data Analysis module". For the operation of this mod-
ule, the App uses the available dataset. Initially, this
module uses the CCLUSimp algorithm described in the
Section 3.

CCLUSimp is executed using the parameters ε =
0.001 and c taking values from 1 to 15. The App se-
lects the model to be used by the recommender using
the Elbow method to find the most suitable number of
groups (value for parameter c). The module gets the
value of “c”=“ci” when the difference between each
pair of consecutive values (% ↓) for “ci“ and “ci+1” is
less than 10.

Executing the CCLUSimp algorithm for the different
values of c, the following values of the function J are
obtained (Table 4). In Table 4 the size of the cluster
c= 3 is highlighted, which indicates the “c” where the
function J is stabilized.

Table 4
Behavior of the function J according to the parameter c – Relative
decline (%↓)

c J %↓ c J %↓ c J %↓

1 4447.70 6 849.73 9.0 11 617.95 1.8
2 1656.15 62.8 7 797.45 6.2 12 614.39 0.6
3 1275.43 23.0 8 712.54 10.6 13 533.08 13.2
4 1059.27 16.9 9 705.70 1.0 14 509.99 4.3
5 934.13 11.8 10 629.25 10.8 15 492.57 3.4

The model obtained is described in Table 5.

Table 5
Model with “c”=3 represented by the centroids of the 3 groups of
the cluster

Group 1 Group 2 Group 3

WD [230.4,231.6] 161.6 [201.5,201.6]
Hf_R 0.56 0.67 -0.02
RH f [66.4,68.8,70,72.4] [71.9,73.9,76,77.9] [43.5,46.4,48.2,51.3]

S {0.01/Y,0.99/N} {0.04/Y,0.96/N} {1.0/Y}
R 0.061 0.053 0.005

ARad 0.033 [0,3.56] [1.14,1.99]
Rad f [1.7,6.3,12.4,21.8] [5,12.6,20.7,33] [300.3,389.3,456,556.2]
WR 0.008 0.011 0.014
T f [7,7.6,7.9,8.6] [6.3,6.8,7,7.5] [13,13.7,14.1,14.8]

WS f [0,0.8,1.9,3.6] [0.3,1.3,2.1,3.4] [0.2,1.5,3,5.3]

This Table 5 shows the characteristics of the groups
according to the values of the attributes. As can be
seen, the centers of the groups for the attributes RH f ,
Rad f , T f and WS f are fuzzy values (where the at-
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tributes RH f and T f have been influenced by the
missing values they contain). In addition, the centers
for attributes WD and ARad are described by inter-
vals/subsets because these attributes contain missing
values.

5.1.4. Obtaining useful knowledge
“Intelligent Data Analysis module” continues ana-

lyzing the “c”=3 size cluster obtained. The module an-
alyze each group of the selected cluster using the la-
bels of the stations in order to check similar behaviours
with respect to different cultivation areas.

The size in instances of the groups of this cluster is
the following (in parenthesis the percentage that repre-
sents with regard to the total of the dataset): Group 1
= 53027 (50.72%), Group 2 = 18201 (17.41%), Group
3 = 33316 (31.87%). And, in addition, the information
collected from the different groups with respect to the
12 stations is the following:

a. Group 1 (50.72% of the total instances) includes
the following stations, where the percentage of
the instances included of each station is in-
dicated: CR12 (67.69%), JU71 (67.32%), JU81
(68.22%), MO22 (67.37%), CI42 (69.28%), CI52
(69.79%), CR32 (70.96%), AL41 (65.23%) and
TP91 (62.82%).

b. Group 2 (17.41% of instances). This group in-
cludes the stations: JU42 (69.82%), LO21 (69.26%)
and LO41 (69.83%).

c. Group 3 (31.87% of instances). This group in-
cludes the stations: CR12 (32.31%), JU42 (30.18%),
JU71 (32.68%), LO21 (30.74%), JU81 (31.78%),
MO22 (32.63%), CI42 (30.72%), CI52 (30.21%),
CR32 29.04%), AL41 (34.77%), LO41 (30.17%)
and TP91 (37.18%).

In order to use the characteristics of each group in a
more comprehensible way for the farmer, the domains
of the numerical attributes RH f , R, ARad, Rad f , WR,
T f and WS f are partitioned in 5 parts to discretize
them in 5 labels (partitioning with fuzzy Ruspini type
labels with an overlap between them of 5% with re-
spect to the cut-off values); the domain of the attribute
WD is partitioned using the cardinal points; and the at-
tribute Hf_R is partitioned with three labels to collect
the information that indicates how the temperature is
inducing in the rest of the annual cycle of many plants
(in particular, the fruit trees). Table 6 displays the dif-
ferent centroids of the cluster with 3 groups by means
of the labels of the different centroids.

Table 6
Centroids with labels: VL-very low, L-Low, M-medium, H-High,
VH-very high; for WD, N∈[337.5o,22.5o], NE∈[22.5o,67.5o],
E∈[67.5o,112.5o], SE∈[112.5o,157.5o], S∈[157.5o,202.5o], SO
∈[202.5o,247.5o], O∈[247.5o,292.5o], NO∈[292.5o,337.5o]; for
Hf_R, P∈[0.4,1], C∈[-0.2,0.4], N∈[-1,-0.2]

1 2 3

WD SO SE-S S-SO
Hf_R P P C
RH f H H M

S N N Y
R VL VL VL

ARad VL all L-M
Rad f VL VL L-M
WR VL VL VL
T f L-M L M

WS f VL-L VL-L VL-L-M

Thus, with this more comprehensive characteriza-
tion of the cluster, the analysis of the Table 6 and the
information related to the stations in each group, the
following knowledge is obtained:

– All groups obtain a very low average rainfall
value for the period analysed.

– Groups 1 and 2 have the common characteristics
of very low solar radiation, predominantly non-
sunny days, high relative humidity, wind speed is
very low/low and positive units of cold.

– Group 1 include 9 stations located in the Central
and South Altiplano, Vega del Segura, West Valle
del Guadalentín and Cartagena areas. And Group
2 includes the rest of the areas, that is, the 3 sta-
tions located in the East Valle del Guadalentín,
and the Northern Altiplano. Group 2 differs from
Group 1 by showing south-west/south winds, a
lot of variation in accumulated radiation and low
temperature while in Group 1 there is a south-
west wind direction, very low accumulated radia-
tion, and a low/medium temperature.

– Group 3 has the characteristic of predominantly
sunny days, units of cold media, very low radia-
tion, low/medium accumulated radiation, relative
humidity media, medium temperature and very
low to medium wind speed from the south/south-
west.

As described in the “Intelligent Data Analysis mod-
ule", the rules whose resources have been activated by
the selected crops in the farmer’s similar areas will be
used. These rules will be those that include the compo-
nent of resource used by the crops most in line with the
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climatic conditions of the specific area. Later, when the
recommender is activated, some of the rules that will
be activated in this study case are shown.

5.2. Running the App: Obtaining the
recommendations

During this phase, the App activates the modules
shown in Figure 5.
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Fig. 5. Architecture activated when the App performs the recom-
mendation process on a request.

The server already has a model described with 3
clusters and knowledge that characterizes different
zones by means of their climatic conditions. In this
phase 2, the App makes use of the information re-
lated to the production of the different areas of study
and develops recommendations for the farmer when
requested.

5.2.1. Information collection
Again, the App uses the "Data collection module" to

collect production information (it uses official pages1).

5.2.2. Interaction with the Farmer
The interaction with the farmer is performed by

means of personalized information of his area. This
can be done using an IoT system (e.g. a local weather
station). The IoT system used in this study case is cur-
rently deployed on a plot of land in the municipality of
Cieza (altitude 324 m) of the Region of Murcia, Spain.
The deployment of the system is shown in Figure 6.

This Figure 6 shows some of the components that
make up the IoT system, such as the different sensors
for collecting information and the aerials for commu-

1https://econet.carm.es/inicio/-/crem/sicrem/PU_##Cifras/P8004/
sec4.html where ## is the name of the town that composes the
different areas of the Region of Murcia.

Fig. 6. System of local collection of meteorological data.

nication2. The sensors and communication of the pro-
posed IoT system use the Waspnote Plug and Sense
Smart Agriculture Xtreme device from the company
Libelium3. The communication technology used to
connect the sensors to the module that sends the in-
formation is XBee ZigBee 3 radio. The data collected
by this module are sent via GPRS to the server where
the recommendation to the farmers is made based on
the data provided. The system is totally autonomous
since it has a solar panel that supplies energy to all the
sensors and given the XBee protocol used the energy
consumption is optimized.

Finally, it is important to note that this device,
shown in Figure 6, has more sensors than are needed
for the intelligent component proposed, however, this
allows us to collect accurate information and in the fu-
ture add this information to the clustering technique,
for example soil characteristics, leaf wetness or vapor-
ization.

5.2.3. Building recommendations
This local IoT system collects the information for

several days and the server activates the “Data pro-
cessing module” to obtain the average of the input in-
stances and transforming it into the attributes collected
in the model. From this instance of information from
the farmer’s plot, the server uses the available model

2These sensors collect information on air humidity and tempera-
ture, pressure level, rainfall, wind direction, wind speed, soil temper-
ature, soil conductivity, soil permitivity, leaf wetness, vaporization,
solar radiation and luminosity.

3http://www.libelium.com/
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to obtain the areas of the Region with similar weather
conditions. From this information, the knowledge ob-
tained in “phase 1”, the resources needed by crops, and
the data collected regarding production, the “recom-
mendation module" generates a list in decreasing order
of crops suitable for the plot. This order is influenced
by the weights indicated by the farmer with respect to
the production information and resources of the plot
and crops of the areas similar to it.

In the specific case that is going to be developed,
once the local IoT system readings have been taken
for 15 days, the mean vector (IP) corresponding to the
farmer’s plot is shown in the Table 7.

Table 7
Vector that represents the weather conditions of the farmer’s plot

IP

WD 257.6

Hf_R 0.40

RH f [55.1,59.3,61.6,66]

S {0.33/Y,0.67/N}

R 0

ARad 0.49

Rad f [112.9,129.0,143.2,164.6]

WR 2.28

T f [5.8,6.7,7.2,8.1]

WS f [0,0.2,1.1,2.6]

From the available cluster model, the distances of
the vector associated with the plot to the different clus-
ter centers are d(IP,G1)=0.232, d(IP,G2)=0.30 and
d(IP,G3)=0.341. Therefore, the farmer’s plot has more
similar weather conditions to those of group 1. The
most similar areas (and the average weight obtained
from the weight of the stations it groups) are North-
west (69.33%), Central and South Altiplano (67.77%),
Vega del Segura (68.81%) and Cartagena (62.82%).

Therefore, the weights of the areas pai used to prior-
itize crops are as follows:

pNorth−west1=0.258
pCentral−S outh−Altiplano1=0.252
pVega−S egura1=0.256
pCartagena1=0.234

The information collected about the main crops in
these areas is shown in the Table 8. Specifically, the
main fruit trees of each area are shown with the weight
of their production and measures related to the at-

tributes modeled in the system that characterize them
(water they need, cooling units, humidity, sun and tem-
perature). The more similar the characteristics of a
crop X to those of the areas considered in the selected
cluster i (S imil(X, i)), the more sustainable its produc-
tion will be because the crop adapts to its climatic con-
ditions.

In Table 8 value “¿?” indicates a missing measure. In
this table, the values of many attributes are expressed
with imprecise values because they have been found
this way in the data sources consulted. This fact shows
the importance of incorporating in the systems and
IDA models the treatment of imprecise data.

With all the information available, the value Vcrop(X)
according to the expression indicated in Section 4.4
can be calculated for the 4 crops considered in the case:
peach, apricot, almond and pear. Values pai are those
previously indicated, values α1 and α2 are set by the
user to indicate his preference on production or nec-
essary resources respectively, values proda(X)

T proda
are those

defined for each crop (X) and each area a in Table
8 (Wproduction) and S imil(X, i) are scores provided by
means of rules that are defined for each feature of the
crops that affects its sustainability.

For example, if we focus on the water resource, ac-
cording to the partition of this attribute and the infor-
mation about this resource in the cluster i (R=VL from
Table 6), the defined rules are as follows:

If water(X) is VL then S imil(X, i)=4
If water(X) is L then S imil(X, i)=3
If water(X) is M then S imil(X, i)=2
If water(X) is H then S imil(X, i)=1
If water(X) is VH then S imil(X, i)=0

where X is the crop considered. In general, the rules
defined for each resource considered indicate that the
more similar the requirements of a crop are to the fea-
tures of the cluster to which it belongs, the more sus-
tainable it is and therefore a higher score is assigned.
This way, the output generated by the system takes into
account, in addition to production, which crops can be
grown in a more natural way and with fewer artificially
provided resources.

When values Vcrop(X) are calculated for the partic-
ular case considered, the lists shown in Table 9 are ob-
tained.

Table 9 shows the effect of considering or not the
sustainability of crops. When values α1 = 1 and
α2 = 0 are considered, the order of the crops changes
indicating that the almond is grown in these areas but
is less sustainable than the apricot.
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Table 8
Main fruit trees by area and their characteristics

Area Crop Wproduction Water(mm) Cooling Units Humidity Sun Temperature

Peach 0.53 [1.53,1.64] [0.046,0.091] {VL,L,M} Y [21,27]
Altiplano Pear 0.26 [1.53,1.64] [0.103,0.205] {VL,L,M} Y [20,25]

Apricot 0.22 [1.53,1.64] [0.043,0.086] ¿? Y ¿?

Campo Cartagena
Almond 0.90 0.96 [0.029,0.057] {VL,L} Y [20,25]

Peach 0.10 [1.53,1.64] [0.046,0.091] {VL,L,M} Y [21,27]

Apricot 0.55 [1.53,1.64] [0.043,0.086] {VL,L,M} Y ¿?
Noroeste Peach 0.29 [1.53,1.64] [0.046,0.091] {VL,L,M} Y [21,27]

Almond 0.16 0.96 [0.029,0.057] {VL,L} Y [20,25]

Peach 0.72 [1.53,1.64] [0.046,0.091] {VL,L,M} Y [21,27]
Vega del segura Apricot 0.23 [1.53,1.64] [0.043,0.086] {VL,L,M} Y ¿?

Almond 0.05 0.96 [0.029,0.057] {VL,L} Y [20,25]

Table 9
Vcrop(X) values to fruit trees in the case

(α1=0.4, α2=0.6) (α1=1, α2=0)

peach with 0.5 peach with 0.36
apricot with 0.38 almond with 0.21
almond with 0.34 apricot with 0.20

pear with 0.11 pear with 0.05

6. Conclusions

In this work, an intelligent component integrated
within an IoT system is developed, to advise farmers
which type of crop will have more yield and be more
sustainable in their area, in order to reduce costs and
increase profits. As part of the intelligent component,
a fuzzy clustering technique, CCLUSimp, is proposed.
The technique can deal with imprecise values that ex-
press knowledge in a more natural way. A study case is
presented working over geographical areas of the Re-
gion of Murcia. The CCLUSimp technique has been ap-
plied to data from these areas and the groups obtained
have been characterized by their weather conditions.
Knowledge extracted from the model and the rules en-
gine built from it has been used to provided recom-
mendations for a specific input instance. The results
obtained illustrate how the recommendations obtained
may be different according to the preferences estab-
lished by the farmer regarding production or sustain-
ability.

As future work, we propose the inclusion in the pro-
posed fuzzy clustering model of soil information pa-
rameters, which can help to identify the similarities of
areas not only from the climatic point of view, taking

advantage of the natural resources of the area. This has
not been included in this study due to lack of informa-
tion on soil types in the area where the study has been
carried out.

Acknowledgement

Supported by the projects TIN2017-86885-R (AEI/
FEDER, UE) and RTC-2017-6389-5, granted by the
Ministry of Economy and Competitiveness of Spain
(including ERDF support).

References

[1] J.M. Cadenas, M.C Garrido and R. Martínez-España, Making
decisions for frost prediction in agricultural crops in a soft
computing framework, Intelligent Environments 2020: Work-
shop Proceedings of the 16th International Conference on In-
telligent Environments to be published, IOS Press, 2020.

[2] P. Diamon and P. Kloeden, Metric spaces of fuzzy sets: The-
ory and application, World Scientific Publishing, London, UK,
1994.

[3] D. Dubois and H. Prade, Fuzzy sets and system: Theory and
applications, Academic Press, New York, USA, 1980.

[4] O. Elijah, T.A. Rahman, I. Orikumhi, C.Y. Leow and M.N.
Hindia, An overview of Internet of Things (IoT) and data
analytics in agriculture: Benefits and challenges, IEEE In-
ternet of Things Journal 5(5) (2018), 3758–3773. doi:
10.1109/JIOT.2018.2844296

[5] A. Gavioli, E.G. de Souza, C.L. Bazzi, K. Schenatto and
N.M. Betzek, Identification of management zones in preci-
sion agriculture: An evaluation of alternative cluster analy-
sis methods, Biosystems engineering 181 (2019), 86–102. doi:
10.1016/j.biosystemseng.2019.02.019.



14 J.M. Cadenas et al. / Detection of the most suitable crops for a more sustainable Agriculture

[6] A. Haghverdi, B.G. Leib, R.A. Washington-Allen, P.D.
Ayers and M.J. Buschermohle. Perspectives on delin-
eating management zones for rate irrigation. Computers
and Electronics in Agriculture 117 (2015), 154–167. doi:
10.1016/j.compag.2015.06.019.

[7] P. Janrao, D. Mishra and V. Bharadi, Clustering Approaches
for Management Zone Delineation in Precision Agriculture for
Small Farms, in: Proceedings of International Conference on
Sustainable Computing in Science, Technology and Manage-
ment (SUSCOM), Amity University Rajasthan, Jaipur - India,
2019, pp. 1347–1356. doi: 10.2139/ssrn.3356457.

[8] Y. Jantakat, Spatiotemporal Change for Agricul-
tural Distribution from Municipal to Provincial
Scales-based Spatial Clustering Analysis, Interna-
tional Journal of Building, Urban, Interior and Land-
scape Technology 14 (2019), 67–80. https://ph02.tci-
thaijo.org/index.php/BUILT/article/view/208652

[9] K.G. Liakos, P. Busato, D. Moshou, S. Pearson and D. Bochtis,
Machine learning in agriculture: A review, Sensors 18(8)
(2018), 2674. doi: 10.3390/s18082674.

[10] A.R. Lopes, J. Marcolin, J.A. Johann, M.A. Vilas-Boas
and A.R. Schuelter. Identification of homogeneous rain-
fall zones during grain crops in Paraná, Brazil, Engenharia
Agrícola 39(6) (2019), 707–714. doi: 10.1590/1809-4430-
eng.agric.v39n6p707-714/2019.

[11] J.B. MacQueen, Some Methods for classification and Analysis
of Multivariate Observations, in: Proceedings of 5-th Berkeley
Symposium on Mathematical Statistics and Probability, Uni-
versity of California Press, Berkeley, vol. 1, 1967, pp. 281–
297.

[12] J. Majumdar, S. Naraseeyappa and S. Ankalaki, Analysis of
agriculture data using data mining techniques: application
of big data, Journal of Big data 4(20) (2017), 1–15. doi:
10.1186/s40537-017-0077-4

[13] J.P. Monzon, P.A. Calviño, V.O. Sadras, J.B. Zubiaurre and
F.H. Andrade (2018), Precision agriculture based on crop phys-
iological principles improves whole-farm yield and profit: A
case study, European Journal of Agronomy 99 (2018), 62–71.
doi: 10.1016/j.eja.2018.06.011.

[14] J. Muangprathub, N. Boonnam, S. Kajornkasirat, N. Lekbang-
pong, A. Wanichsombat and P. Nillaor, IoT and agriculture data
analysis for smart farm, Computers and electronics in Agricul-
ture 156 (2019), 467–474.

[15] N. Ohana-Levi, I. Bahat, A. Peeters, A. Shtein, Y. Netzer, Y.
Cohen and A. Ben-Gal, A weighted multivariate spatial cluster-

ing model to determine irrigation management zones, Comput-
ers and Electronics in Agriculture 162 (2019), 719–731. doi:
10.1016/j.compag.2019.05.012.

[16] P.P. Ray, Internet of things for smart agriculture: Technolo-
gies, practices and future direction, Journal of Ambient Intel-
ligence and Smart Environments 9(4) (2017), 395–420. doi:
10.3233/AIS-170440

[17] A.D. Reddy, B. Dadore and A. Watekar, Crop Recommenda-
tion System to Maximize Crop Yield in Ramtek region us-
ing Machine Learning, International Journal of Scientific Re-
search in Science and Technology 6(1) (2019), 485–489. doi:
10.32628/IJSRST196172.

[18] E.H. Ruspini, A new approach to clustering, Informa-
tion and Control 15(1) (1969), 22–32. doi: 10.1016/S0019-
9958(69)90591-9.

[19] M. Stupen, N. Stupen, R. Taratula and H. Dydych, The method-
ological approaches to the assessment of the economic effi-
ciency level of agricultural lands use of the region, Manage-
ment, Economic Engineering in Agriculture & Rural Develop-
ment 19(3) (2019), 557–562.

[20] S.M. Taheri and I. Atiyah, Statistical and Fuzzy Cluster-
ing Methods and their Application to Clustering Provinces
of Iraq based on Agricultural Products, AUT Journal of
Mathematics and Computing 1(1) (2020), 101–112. doi:
10.22060/AJMC.2019.14873.1013.

[21] R. Villalobos and J. Retana, Un Método para el Pronóstico
de Lluvias en Costa Rica: Agrupación de años con caracterís-
ticas pluviométricas semejantes para la creación de escenar-
ios climáticos, Tópicos Meteoreológicos y Oceanográficos 8(1)
(2001), 50–54.

[22] F. Youssefi, M.J.V. Zoej, A. Safdarinezhad, M.R. Sahebi, Un-
supervised zoning of cultivation areas with similar cultivation
pattern in Golestan province based on the vegetation prod-
ucts of MODIS sensor, The International Archives of the Pho-
togrammetry, Remote Sensing and Spatial Information Sci-
ences XLII-4/W18 (2019), 1113—1115. doi: 10.5194/isprs-
archives-XLII-4-W18-1113-2019.

[23] Zahariadis, T., Papadakis, A., Alvarez, F., Gonzalez, J., Lopez,
F., Facca, F., and Al-Hazmi, Y. (2014, December). FIWARE
lab: managing resources and services in a cloud federation sup-
porting future internet applications. In 2014 IEEE/ACM 7th
International Conference on Utility and Cloud Computing (pp.
792-799). IEEE.


	Introduction
	Zone Management in precision agriculture problems
	IDA process based on a fuzzy clustering technique
	CCLUSimp Algorithm

	Development and description of an App for the farmers
	Data collection Module
	Data preprocessing Module
	Intelligent Data Analysis Module
	Recommendation Module
	Integrating the App into the IoT system

	A study case 
	Running the App: Obtaining the models and useful knowledge
	Information collection
	Data preparation: dataset
	Model construction
	Obtaining useful knowledge

	Running the App: Obtaining the recommendations
	Information collection
	Interaction with the Farmer
	Building recommendations


	Conclusions
	Acknowledgement
	References

