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A B S T R A C T

Olive tree is one of the most important crop at global scale. Apulia is the first olive-producing region in Italy,
with a huge amount of farms that generate Integrated Pest Management (IPM) data. IPM requires the si-
multaneous use of different crop protection techniques to control pests through an ecological and economic
approach. The crop protection strategies are correlated to the climate condition considering the very important
relation among climate, crops and pests. Therefore, in this work is presented a new advanced On-Line Analytical
Processing (OLAP) model integrating the Growing Season Index (GSI), a phenology model, to compare indirectly
the farms by a climatic point of view. The proposed system allows analysing IPM data of different farms having
the same phenological conditions over a year to understand some best practices and to highlight and explain
different practices adopted by farms working in different climatic conditions.

1. Introduction

Olive tree (Olea europea L.) is one of the most important crop at
global scale. The cultivated surface at world level is equal to 10.27 Mha
with a production of 15.4 Mt (FAOSTAT, 2014). The leading three
countries for Olive crop invested area are Spain (2.52Mha), Tunisia
(1.59Mha) and Italy (1.15Mha), while at production level there are
Spain (4.56 Mt), Italy (1.96 Mt) and Greece (1.78 Mt) (FAOSTAT,
2014). According to the Italian Institute of Statistics (ISTAT, 2016),
Apulia is the first olive-producing region in Italy. In particular, in 2016
the agricultural surface invested in Apulia for olive production was
equal to 0.379Mha, thus representing 33% of the corresponding na-
tional rate (1.14Mha). The obtained production was 0.99 Mt, corre-
sponding to 35% of the national amount (2.81 Mt) (ISTAT, 2016).

Therefore, in the Apulia region, a large number (227245) of farms
works on the Olive crop (ISTAT, 2010), which generates a huge amount
of Integrated Pest Management (IPM) data. Actually, these data are quite
unexploited. The IPM approach consists of the application of different
crop’s protection methods in order to maintain the pest populations
below an economic damage threshold (Chandler et al., 2011). There-
fore, the IPM crop protection strategies are composed of different
techniques to control insects, pathogens, weeds and vertebrates, with

an ecological and economic approach (Prokopy, 2003). With the Fra-
mework Directive 2009/128/EC (European Parliament, 2009) on Sus-
tainable Use of Pesticides, the European Union (EU) has highlighted
that the application of the IPM approach could be the answer to de-
crease the reliance on the use of conventional pesticides. Therefore,
since the 1st January 2014 in the European member countries is
mandatory for all the professional users of pesticides to implement the
IPM strategies. The Framework Directive 2009/128/EC requires that
each Member States must release the crop technical specifications,
combining the eight IPM principles (Barzman et al., 2015).

Nowadays with the democratization of information technologies,
agriculture enquiries more and more the usage of these technologies in
all its practices. Therefore, Farm Management Information Systems
(FMISs) have been developed. FMISs are systems able to carry out
functionalities for field operations management, best practice tools,
finance, inventory, traceability, reporting, site-specific tools, sales,
machinery management, human resource management, and quality
assurance (Fountas et al., 2015). In many commercial FMISs, the cur-
rent functions related to best practices, such as adherence to organic
standards or IPM requirements, are still in their infancy (Fountas et al.,
2015).

Taking into account the environmental (i.e. climatic) factors is a
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mandatory task to create a real useful instrument to help farmers to
analyze the management choices. In fact, the environmental variables,
such as air temperature, relative humidity, solar radiation, rain, etc.,
interacting constantly with the plants and the pests, as reported by
many authors in literature. In particular, radiation, temperature, and
water have a great impact on the growth of plants (Hay and Porter,
2006).

As highlighted in Zaza et al. (2018), historical analysis of IPM data
is necessary to understand good practices, and discover trends and
farming behaviors. Therefore, in order to define an efficient tool for the
historical analysis of IPM farm data, Zaza et al. (2018) proposed the
usage of a dedicated Data Warehouse (DW) and the On-Line Analytical
Processing (OLAP) system, as a decision-making tool of FMISs. In par-
ticular, in Zaza et al. (2018), the authors have provided a Business
Intelligence tool, called BI4IPM, which could be conveniently used to
verify the compliance of the farm operations with the requirements
included in the olive crop IPM technical specification provided by the
Apulia region. By means of BI4IPM, decision-makers can answer to
queries like this: “What are sustainable practices of each farm of Apulia
region during 2017?”.

However, this work suffers of an important limitation: the OLAP model
does not take into account climatic data. In this way it is difficult to
compare IPM data over different campaigns and farms (which can be
geographically distributed over a large area), since time and space can
be associated to different climate, and therefore with important impacts
on cultures, as above described. For example, it is not possible to an-
swer decisional queries like this: “What are sustainable practices of each
farm of Apulia region during 2017 that had the same climatic conditions?”

Thus, considering the mandatory and very important relation be-
tween climate data on crops and pests, in this paper we extend our
previous work (Zaza et al., 2018) integrating climatic data into OLAP
model. In particular, we use the Growing Season Index (GSI), a phe-
nology model, to indirectly compare the farms by a climatic point of
view. Indeed, phenology is used as an indicator to evaluate the effects
of climate change in short and long periods, because it is driven by
environmental variables, such as temperature, precipitation and pho-
toperiod (Xu et al., 2014). The GSI is a model developed for the pre-
diction of plant phenology in response to low temperatures, evaporative
demands and photoperiod, applicable at global scale (Jolly et al.,
2005). In this work, we use a modified version of the GSI proposed by
Orlandi et al. (2013). The main difference is that the “original” GSI was
developed and tested for the assessment of canopy foliar dynamics on
different vegetal species at global scale, while the second version is
adapted to the olive trees and tested in several locations in the Medi-
terranean basin. The integration of the GSI data into the OLAP model of
Zaza et al. (2018) has been achieved by a new advanced OLAP model,
which has obtained using the adaptation of a new DW design metho-
dology proposed by Sautot et al. (2015). Indeed in our application, the
usage of existing DW design methodologies outputs an OLAP model that
is not enough expressive to allow decision-makers to query IPM data
and correlate them to climatic data.

Moreover, since GSI data is usually visualized using graphical data,
in this paper we present a new OLAP client (i.e. the OLAP visualization
tool) that is able to represent OLAP data by means of pivot tables for
numerical data and also for graphic displays. This new OLAP client
allows the simple at glance visual analysis of IPM and GSI data.

We have validated our approach using some real data concerning
farms of the Bari department, and open climatic data provided by
Apulia Regional Agency for the Prevention and Protection of the
Environment (ARPA-Puglia, 2017).

The paper is organized as follow: Section 2 presents a brief back-
ground on DW and OLAP approach, IPM context at Apulia Region scale
and GSI model; Section 3 is dedicated to the definition of the Apulian
case study, exploring the climatic and farming data adopted; Section 4
details the OLAP model for agro-phenological data; Section 5 presents a
set of OLAP advanced analysis achieved; Section 6 provides an

overview regarding the implementation of the OLAP system; Section 7
explores the related works regarding the phenology models and OLAP
for agricultural data; Section 8 concludes the paper and provides the
future perspective.

2. Background

In this section, we present main concepts of technologies and
methods adopted in this work: Section 2.1 presents Data Warehouse
and OLAP systems, Section 2.2 describes an overview of Integrated Pest
Management for olive trees, and Section 2.3 presents details of GSI
model.

2.1. Data Warehouse and OLAP

Data Warehouse (DW) and OLAP systems are Business Intelligence
technologies allowing online analysis of massive volume of multi-
dimensional data. Warehoused data are stored according to the multi-
dimensional model (Gallo et al., 2010; Kimball and Ross, 2013). Data
are organized in dimensions and facts. Dimensions are represented by
the analysis axes and are organized into hierarchies (for example, cities,
departments and regions). Facts are represented by the analysis subjects
and are described by numerical attributes called measures (for example,
quantity of sold products). Measures are explored with the OLAP op-
erators, which allow for navigating into the DW. Common operators
include Slice, which allows selection of a subset of warehoused data,
and Drill, which allows for navigating into hierarchies aggregating
measure values with SQL aggregation operators (i.e., MIN, MAX, SUM,
AVG, etc.). For example, in a retail application, a OLAP query could be
“What is the total quantity of sold products by year, product and region?”.

Usually OLAP models are derived from existing data sources using
three different methodologies: data-driven, user-driven and mixed
methodologies (Romero and Abelló, 2009). Data-driven methodologies
exclusively use the data sources schema to derive OLAP models. User-
driven methodologies take into account needs analysis of decision-
makers, and mixed methodologies combine data and user driven
methodologies. It has been verified in several works that mixed meth-
odologies are the most effective ones to conceive useful OLAP models.

2.2. Integrated pest management

In Italy, the development of the IPM guidelines is assigned to the
regions, which take into account their own agro-environmental condi-
tions, the local crops and the related pests. The correct application of
the IPM requirements guarantee to farms the improvement of the en-
vironmental and economic performances. Moreover, in order to in-
crease the spread of certified integrated production some Italian re-
gions, such as the Apulia Region with the Measure 10.1.1 of the Rural
Development Programme (RDP) 2014–2020, have provided an eco-
nomic incentive for the farmers who decided to adhere to the IPM
technical specifications. To get incentives, farmers must meet all the
requirements included in the crop specific disciplinary provided by the
Region. Furthermore, the compliance between all the farms’ operations
and the IPM rules is verified by an independent control authority.

The Apulia Region crop’s IPM technical specification consist of two
parts:

1. General: a set of recommendations regarding all the aspects of crop
management, such as fertilization restrictions, soil management,
and irrigation frequency.

2. Defense rules: all the allowed treatments (agronomic and chemical)
to protect the crop from the pests listed (Table 1).

The general part of the Apulian technical specifications is made up
by all the agronomic requirements that farmers must respect during the
whole production cycle, from planting to harvesting. In particular, all
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the indications provided in the general part of the technical specifica-
tions are aimed at improving the phytosanitary condition of the crops,
reducing the environmental impact. For example, the fertilization
practices must guarantee high quality and quantity of the production,
without excess, in order to maintain the soil fertility, protect the en-
vironment and prevent pests.

The second part of the IPM technical specification is dedicated to
the defense rules (Table 1).

Table 1 shows an excerpt of the IPM defense rules for the Olive crop
protection taken from the Apulia region technical specification. In the
following, we describe each column:

• Pest: This is a list of the pests of the Olive crop. In the example, there
are the Bactrocera oleae (Rossi) and Prays oleae (Bernard), two of the
most dangerous pests for olive trees, in the Mediterranean Basin
(Hegazi et al., 2007; Tzanakakis, 2006).

• Intervention criteria: It represents the threshold before the pest causes
economic losses to the cultivated crop. In the example, the value for
the table olive cultivars is lower than oil olive cultivars, both for
olive fruit fly and olive moth. For the table olives, in the case of B.
oleae, a single puncture strongly reduces the value of the product, so
it is necessary to control the pest immediately, while for the P. oleae
the damage is less, so a moth presence lower than 5–7%, as a
function of different cultivars, is economically acceptable and the
control starts when the pest pressure overheads this value. On the
other hand, in oil olives the intervention threshold is fixed between
10 and 15%, due to the lower economic damage caused by the two
insects.

• Active substance and auxiliary: It reports the list of allowed Active
Substances (ASs) and auxiliaries that could be used to control the
pest. In the example, to control olive moth, phytosanitary products
containing Bacillus thuringiensis, an entomopathogenic bacteria,
Dimethoate, Fosmet or Deltametrhin are authorized.

• Maximum number of treatments: It represents the maximum number
of treatments admitted for a specific molecule, independently by the
controlled pest. For example, products based on B. thuringiensis and
Beauveria bassiana are not limited, because they are natural organ-
isms without environmental impact. In contrast, Dimethoate and
Fosmet are limited to two treatments per year, while Imidacloprid
and Deltamethrin are restricted to one treatment per year, due to the
toxicity of the molecules.

• Usage limitations and notes: It is the list of eventual other restriction
for specific molecules, such as temporal restrictions. For example,
Dimethoate products are allowed to control olive moth only since
8th May 2017 to 4th September 2017, while they are always ad-
mitted for treatment against olive fruit fly.

2.3. GSI model

As described by Easterling et al. (2007) higher temperatures and
altered patterns of precipitation can probably reduce yields of many

crops. For example, Gregory et al. (1999) have reported yields reduc-
tion in rice of about 5% per °C rise overhead 32 °C. However, at the
same time, the abovementioned environmental factors affect the
growth and diffusion of pathogens and pests, such as fungi, insects,
bacteria and so on. For example, the presence of the olive fruit fly, one
of the most dangerous pest for olive trees in the Mediterranean Basin
and the Middle East (Tzanakakis, 2006), is strictly correlated to abiotic
environmental conditions (McFadden et al., 1977; Tzanakakis, 2006;
Burrack and Zalom, 2008). Absence of olives through the spring and the
beginning of summer combined with adverse environmental conditions
like high or low temperatures and short photoperiods could cause a
facultative reproductive dormancy in B. oleae adults (Fletcher et al.,
1978; Crovetti et al., 1982). Wang et al. (2009) have highlighted the
effects of high temperature on B. oleae. In particular, when tempera-
tures rise above 30 °C, the B. oleae adults are frenetically active and
oviposition is inhibited, while at 35 °C the activity stops (Avidov, 1954).
In addition, the larval mortality increases at temperature higher than
30 °C, particularly throughout young larvae (Tsitsipis, 1977), while at
35 °C no flies develop to adult (Genç and Nation, 2008).

In this section, we describe the Growing Season Index for Olive tree
we have used in our proposal.

The Growing Season Index (GSI) is a model developed for the pre-
diction of plant phenology in response to low temperatures, evaporative
demands and photoperiod, applicable at global scale (Jolly et al.,
2005). The GSI can predict not only the beginning and the ending of
growing season, but also the canopy status during the year without a
priori knowledge of the vegetation or climate. In particular, for each
variables minimum and maximum threshold limits have been defined,
assuming that phenological activity varied linearly from inactive (0) to
unconstrained (1).

The low temperatures influence many biochemical processes
(Levitt, 1980). For example, water in the xylem of some trees can freeze
at temperatures below −2 °C (Zimmermann, 1964). The selected range
varied between a lower minimum temperature threshold of −2 °C
(TMMin) and an upper threshold of 5 °C (TMMax), according with
Larcher and Bauer (1981). The minimum temperature index (iTMin),
has been created as follows:

=
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⎨
⎪
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⩽
> >

⩾
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if T T
if T T T

if T T
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MMax MMin

(1)

where iTMin is the daily indicator for minimum temperature bounded
between 0 and 1; TMin is the observed daily minimum temperature in
Celsius degrees; TMMin=−2 °C and TMMax=5 °C.

Partial to complete stomatal closure (Mott and Parkhurst, 1991),
leaf development rate reduction (Salah and Tardieu, 1996), induction
of the shedding of leaves (Childes, 1988), and slowing down or stopping
cell division (Granier and Tardieu, 1999) could be caused by water
stress. To estimate the water needs, Jolly et al. (2005) selected an index
of the evaporative demand, the atmosphere Vapor Pressure Deficit
(VPD). According to the literature, they set the VPDmin at 900 Pa,

Table 1
Excerpt of the IPM defense rules for the protection of the Olive crop in the Apulia region.

Pest Intervention criteria Active substance and
auxiliary

Maximum numb. of
intervention

Usage limitations and notes

Olive fruit fly (Bactrocera
oleae)

Intervention threshold:

• Table olives: presence of the first punctures

• Oil olives: 10–15% presence of active
infestation (sum of eggs and larvae)

Beauveria bassiana /
Dimethoate 2
Imidacloprid 1* * allowed only after flowering
Fosmet 2

Olive Moth (Prays oleae) Intervention threshold:

• Table olives: 5–7% presence of active
infestation (sum of eggs and larvae)

• Oil olives: 10–15% presence of active
infestation (sum of eggs and larvae)

Deltamethrin 1
Fosmet 2
Dimethoate 2* *allowed only since 8th May 2017 to

4th September 2017
Bacillus thuringiensis /
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because VPD values less than should exert little effect on stomata, while
upper threshold VPDmax has been fixed at 4100 Pa, because generally
greater values of VPD are sufficient to force complete stomatal closure,
even when the soils are moist (Osonubi and Davies, 1980; Tenhunen
et al., 1982). The VPD index (iVPD) was derived as follows:

=
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−
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if VPD VPD

if VPD VPD VPD
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Min
Max Min
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where iVPD is the daily indicator for VPD limited between 0 and 1; VPD
is the observed daily VPD in Pascals; VPDMin=900 Pa and
VPDMax=4100 Pa.

The photoperiod is a consistent annual climatic indication for plant,
because it does not change during the years at a specific location. Many
authors have exposed that the photoperiod is strictly connected to both
leaf flush and leaf senescence all over the world (Njoku, 1958;
Rosenthal and Camm, 1997; White et al., 1997; Häkkinen et al., 1998;
Partanen et al., 1998; Borchert and Rivera, 2001). Moreover, a strong
interaction between photoperiod and temperature that could limit fo-
liar phenology exist, and temperature changes are ineffective without
corresponding photoperiod changes (Partanen et al., 1998). The au-
thors set up the minimum threshold at 10 h, because they assumed that
equal or lesser values completely limited canopy development, while
the upper limit was fixed at 11 h, assuming that equal or higher values
allow canopies to develop unconstrained. The photoperiod index
(iPhoto) was calculated as follows:
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where iPhoto is the daily photoperiod indicator bounded between 0 and
1; Photo is the daily photoperiod in seconds; PhotoMin=36000 s (10 h)
and PhotoMax=39600 s (11 h).

The product of the individual daily indicators for minimum tem-
perature, VPD, and photoperiod forms a single metric, the GSI, which is
a daily indicator of the relative constraints to foliar canopy develop-
ment or maintenance due to climatic limits. GSI is continuous and re-
stricted between 0 (inactive) and 1 (unconstrained). The daily metric
(iGSI) is calculated as follows:

= × ×iGSI iT iVPD iPhotoMin (4)

The daily GSI is then calculated as the 21-day moving average of the
daily iGSI, to avoid reaction to short-term changes in environmental
conditions (Lieberman, 1982).

Orlandi et al. (2013) have presented a new version of the GSI pro-
posed by Jolly et al. (2005). The main difference is that the “original”
GSI was developed and tested for the assessment of canopy foliar dy-
namics on different vegetal species at global scale, while the second
version is adapted to the olive trees and tested in several locations in
the Mediterranean basin.

The variables taken into account by Orlandi et al. (2013) to adapt
the model are explained in the following.

As for the original GSI, iTmin is derived by Eq. (1), but TMMin is set up
on 0 °C and TMMax is fixed at 7 °C (relation 5).
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where iTMin is the daily indicator for minimum temperature bounded
between 0 and 1; TMin is the observed daily minimum temperature in
Celsius degrees; TMMin=0 °C and TMMax=7 °C.

Moreover, iPhoto is calculated with the same relation (3) and
thresholds proposed by Jolly et al. (2005).

In this version of GSI, the water requirements are estimated with the
potential evapotranspiration (ETP) instead of VPD. Therefore, the iETP,
that substitutes iVPD, derived by the following relation:
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where iETP is the daily index for ETP bounded between 0 and 1; ETP is
the daily evapotranspiration value (mm d−1) estimated with the
Priestley–Taylor method (Priestley and Taylor, 1972);
ETPMin=2mmd−1 and ETPMax=5mmd−1.

The daily solar radiation is also included in the Mediterranean GSI.
The daily index iRad is obtained with the following relation:
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where iRad is the daily index for the solar radiation included between 0
and 1; Rad is the daily solar radiation value (MJ m−2 d−1) estimated
with the Campbell and Donatelli model (Donatelli and Campbell,
1998); RadMin=5MJm−2 d−1 and RadMax=12MJm−2 d−1.

Finally, the daily metric iGSI is calculated with the product of the
new variables:

= × × ×iGSI iT iPhoto iETP iRadMin (8)

Again, the daily GSI is calculated as the 21-day running average of
the daily iGSI.

An example of the adapted GSI for the Apulian city of Foggia taken
by Orlandi et al. (2013) is shown in Fig. 1.

As shown in Fig. 1, the GSI obtained for the city of Foggia presents
two active period, the first during the spring, from February to June,
the second during the autumn, from September to November and
highlighted by the two pikes of phenological activity. During the
summer, from June to September, the ETP conditions inactivate the
phenological activity, as underlined in Fig. 1 by the red area.

3. Case study

In this section we introduce the data we have used to validate our
proposal. In particular, Section 3.1 presents climatic data, and Section
3.2 describes farming data.

Fig. 1. Daily index for Foggia, as minimum temperature (iTmin; blue), solar
radiation (iRad; orange), photoperiod (iPho; light blue), evapotranspiration
(iETP; red), and growing season (GSI; yellow). The seasonal limits on GSI of
each variable are shown. The GSI is represented as the complement to 1. From
Orlandi et al. (2013). (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)
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3.1. Climatic data

The climatic data are extracted from the ARPA-Puglia network
(ARPA-Puglia, 2017). The raw data taken from ARPA-Puglia are mea-
sures recorded every 30min for Minimum and Maximum Temperature
(°C) and the amount of rain in mm (Table 2).

An excerpt of the dataset taken from ARPA-Puglia, related to the 3rd
January 2017 is presented in Table 2.

3.2. Farming data

The phytosanitary data used in this work are obtained from four real
Apulian farms located in the Bari department and renamed for privacy
reason. The data extracted from the farms 1 and 3 are related to the
2016–2017 campaign, while for the farm 4 the data are related to the
campaign 2017–2018. Finally, the data taken from the farm 2 are re-
lated to the two analyzed campaigns, 2016–2017 and 2017–2018. An
example of phytosanitary data taken from the farm 2 and related to the
campaign 2017–2018 is shown in Table 3.

4. OLAP model for agro-phenological data

As discussed in Section 2.1, mixed DW design methodologies take
into input data sources and user needs and they output an OLAP model,
and are the most used for real-life OLAP applications.

Then, in this section, we present two OLAP models for the in-
tegration of GSI and IPM data.

The generic framework used to achieve this integration is described
in Fig. 2. The main idea is to use data sources containing farming and
climatic data. Then, climatic data are used to obtain phenological data
using the GSI model. Finally, the OLAP model is derived from farming
and phonological data. The warehoused data is then explored using an
OLAP client.

Following this approach, the Section 4.2 is dedicated to the OLAP
model. Therefore, in the Subsection 4.2.1 we present a naïve approach
based on existing DW design methodologies, and our new model that
allows an effective agro-climatic multidimensional analysis presented
in Subsection 4.2.2. In Section 4.1 we describe how we have obtained
the GSI data.

4.1. Apulian GSI distributions

To calculate the GSI related to the city of Bari, for each day, the
lowest (Tmin) and the highest (Tmax) values of temperature are ex-
tracted, while for the amount of rain all the single measurements are
summed. Therefore, in the provided example (Table 2), the data ex-
tracted are Tmin=6.2 °C, Tmax=13.9 °C and Rain=0.4mm. The mean
imputation method (Acuna and Rodriguez, 2004), at month scale, is
used for the treatment of the missing value. The obtained daily Tmin,
Tmax and Rain are used to feed the software RadEst version 3.00
(Donatelli et al., 2003), in order to estimate the daily solar radiation
(Rad) and potential evapotranspiration (ETP), according to Orlandi
et al. (2013). In particular, the solar radiation data are estimated by the
Campbell-Donatelli model (Donatelli and Campbell, 1998), while the
Priestley–Taylor method (Priestley and Taylor, 1972) is used to esti-
mate the ETP values. Finally, the daily photoperiod (Photo) for the city
of Bari is estimated by the latitude and yearday (Monteith and
Unsworth, 1990).

The obtained daily values Photo, Tmin, ETP and Rad are used to
calculate iPhoto (3), iTmin (5), iETP (6) and iRad (7), respectively. Then,
the daily metric iGSI is calculated with the Eq. (8) of Section 2.3. Fi-
nally, the daily GSI is the result of the 21-day running average of the
daily iGSI. In Fig. 3 the obtained GSI daily distribution for the 2016 and
the 2017 are presented.

Table 2
Excerpt of ARPA-Puglia climatic data on Bari.

Date Time TMIN (°C) TMAX (°C) Rain (mm)

03/01/2017 00:00:00 7.0 7.3 0.0
03/01/2017 00:30:00 6.7 7.1 0.0
03/01/2017 01:00:00 7.0 7.6 0.0
03/01/2017 01:30:00 7.0 7.6 0.0
03/01/2017 02:00:00 6.6 7.2 0.0
03/01/2017 02:30:00 6.2 6.7 0.0
03/01/2017 03:00:00 6.3 7.0 0.0
03/01/2017 03:30:00 6.7 7.7 0.0
03/01/2017 04:00:00 7.7 9.1 0.0
03/01/2017 04:30:00 9.1 9.5 0.0
03/01/2017 05:00:00 9.5 10.0 0.0
03/01/2017 05:30:00 9.7 10.0 0.0
03/01/2017 06:00:00 9.1 9.8 0.0
03/01/2017 06:30:00 8.7 9.2 0.0
03/01/2017 07:00:00 8.6 8.9 0.0
03/01/2017 07:30:00 8.7 9.2 0.0
03/01/2017 08:00:00 9.0 9.2 0.0
03/01/2017 08:30:00 9.0 9.5 0.0
03/01/2017 09:00:00 9.2 9.3 0.0
03/01/2017 09:30:00 9.2 9.7 0.0
03/01/2017 10:00:00 9.6 10.7 0.0
03/01/2017 10:30:00 10.8 11.3 0.0
03/01/2017 11:00:00 11.2 11.6 0.0
03/01/2017 11:30:00 11.5 13.1 0.0
03/01/2017 12:00:00 13.0 13.7 0.0
03/01/2017 12:30:00 13.5 13.9 0.0
03/01/2017 13:00:00 13.5 13.9 0.0
03/01/2017 13:30:00 13.4 13.9 0.0
03/01/2017 14:00:00 13.1 13.5 0.0
03/01/2017 14:30:00 13.0 13.4 0.0
03/01/2017 15:00:00 11.9 13.0 0.0
03/01/2017 15:30:00 11.2 12.0 0.0
03/01/2017 16:00:00 10.2 11.2 0.2
03/01/2017 16:30:00 9.6 10.3 0.2
03/01/2017 17:00:00 9.5 9.9 0.0
03/01/2017 17:30:00 9.4 9.5 0.0
03/01/2017 18:00:00 9.4 9.6 0.0
03/01/2017 18:30:00 9.5 9.7 0.0
03/01/2017 19:00:00 9.5 9.8 0.0
03/01/2017 19:30:00 9.5 9.8 0.0
03/01/2017 20:00:00 9.5 9.6 0.0
03/01/2017 20:30:00 9.6 9.8 0.0
03/01/2017 21:00:00 9.4 9.8 0.0
03/01/2017 21:30:00 9.0 9.5 0.0
03/01/2017 22:00:00 8.8 9.1 0.0
03/01/2017 22:30:00 8.7 8.8 0.0
03/01/2017 23:00:00 8.5 8.7 0.0
03/01/2017 23:30:00 7.9 8.4 0.0

Table 3
Excerpt of IPM data.

Date Plot A. S. Pest

15/03/2017 P1_2 Dodine S. oleagina
28/04/2017 P1_2 Trifloxystrobin -Tebuconazolo C. gloesporioides
13/06/2017 P1_2 Dimethoate P. oleae
12/09/2017 P1_2 Copper S. oleagina

Fig. 2. Generic framework for the design of OLAP model integrating climatic
and farming data.
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The obtained GSI distributions are tested by the Cramér-von Mises
normality test. In our case the hypothesis that the GSI distributions for
Bari 2016 and Bari 2017 (Fig. 3) are distributed according to the
Normal Distribution is rejected at 5% level (p-value=0).

The phenological activity obtained for the city of Bari starts from
February to November, with pikes in March and October (Fig. 3).
Moreover, in 2016 a third pike occurred during June that is not present
in 2017. Comparing the obtained GSI distributions of Bari with the
reported GSI distribution of Foggia provided by Orlandi et al. (2013), a
difference is detected in the summer period. In fact, the phenological
activity from June to September in Foggia is arrested, while in Bari the
activity decreases, but it is never stopped, for both 2016 and 2017.

4.2. OLAP model

4.2.1. Naive OLAP model
Based on the existing mixed driven methodology (Romero and

Abelló, 2009), using GSI and farming data described in Section 3, we
obtained the OLAP model of Fig. 2.

This multidimensional model (Fig. 4) presents two related facts (i.e.
constellation model).

The fact IPM allows the analysis of the IPM defense rules, and it is
described by five dimensions:

• Time: The temporal dimension is composed by the hierarchy day,
month, and year.

• Campaign: It represents the crop campaign (for example
2016–2017).

• Location: It describes the organization of the farms, grouping the
plots in farm, in order to allow analysis of the performed treatments
at different spatial scales. For example, the farmer could treat two
plots in different ways during a single campaign in order to evaluate
the best management strategy to apply for the next crop cycle.

• Pests: This dimension represents the pests listed in the IPM crop
technical specification (first column, Table 3). Pests are structured
by type, such as weed, fungi, insects, and bacteria. Therefore, each
pest is classified by the scientific name, e.g., Bactrocera oleae, Prays
oleae, etc. (Table 3).

• Treatments: This dimension includes the types of interventions al-
lowed in the IPM technical specification, organized by type,
Agronomic (e.g., Pruning) and Chemical (e.g., Dimethoate,
Imidacloprid, etc.) (third column, Table 3).

The measures are as follows:

• Nb: This represents the number of performed treatments (for ex-
ample, the application of Copper during the 2016–2017 campaign).
The sum function is used for the aggregation of this measure by all
dimensions.

• Respect: This Boolean measure defines if the executed intervention
adheres to the IPM defense rules. For example, the usage of
Deltamethrin to control B. olea is not allowed. Therefore, the mea-
sure value for this treatment is “NO”. The AND operator is used for
the aggregation of Respect measure.

• Error Type: This measure defines the treatment based on the IPM
rules. It is an enumeration value described as follows:
o Allowed: The operation is admitted (for example, to control the
fungi Colletotrichum gloesporioides with products based on
Tebuconazole-Trifloxystrobin).

o A.S. not Allowed: The treatment is not admitted (for example, the
application of products based on Glyphosate 30.8%).

o Exceeded nb inter: The sum of treatments performed in a year
overheads the maximum number of treatments admitted (fourth
column, Table 3); for example, a third intervention based on
Fosmet product to control B. oleae or P. oleae is not allowed.

o A.S. not allowed in time: The treatment executed is not allowed in

Fig. 3. GSI daily distribution for Bari. The continue line represents the GSI for the year 2016, while the dot-dashed line represents the 2017 GSI distribution.

Fig. 4. Olive crop IPM conventional multidimensional model.
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that period (fifth column, Table 2). For example, interventions
based on Dimethoate products to control P. oleae are forbidden
before 8th May 2017 and after 4th September 2017.

o Errors. This appears when there are more errors. A drill-down
operation is required to recover the detailed error type occurred
for a specific operation.

A user-defined aggregation is executed for Error type, displaying

Errors when more than one of A.S. not Allowed OR Exceeded nb inter OR
A.S. not allowed in time are aggregated; otherwise, the model output is
Allowed.

The other fact GSI represents the daily value of the GSI (value
measure), and it is described by the two dimensions Time and Location.
The only difference with the IPM fact is that the Location dimension is
associated at the Farm level.

Using this constellation model is possible to visually querying each

Fig. 5. (a) Example of query performed on the IPM fact; (b) example of query performed on the GSI fact; (c) example of query performed thanks to the Drill-Across
operator.
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fact for independently exploring IPM and GSI data. An example of these
two kinds of queries is shown in Fig. 5. Fig. 5a shows the OLAP query
“Show the number of performed treatments for Farm2 and Farm4 organized
by campaign, pests and treatments” on the IPM fact.

Fig. 5b shows the OLAP query “What is the September daily GSI value
calculated for the Farm1?” on the GSI fact.

The comparison of the two data sets must be hand done by the
decision-makers at glance, which is difficult and sometime impossible
(when data is huge).

To solve this problem, OLAP systems provide the Drill-Across op-
erator. This operator allows to analyze in the same OLAP client facts
uniquely using common dimensions, and grouping to “All” the other
dimensions. In our case study, this means that we can exclusively
analyze the IPM measures with the GSI value according to the Time
dimension (Location is not common since they have a different detailed
level). Other dimensions cannot be used for the OLAP analysis. Fig. 5c
shows the results of the OLAP query “Show the days where one or more
treatments occurred and the related daily GSI value”.

This query is not useful for an effective analysis, since pests, treat-
ments and farms cannot be visualized in the same pivot table.

This problem is issued from the used DW design methodology,
which does not allow using factual data to analyze another fact in a
constellation model.

Therefore, to solve this problem we have adapted the new DW de-
sign methodology proposed by Sautot et al. (2015) as described in the
next subsection.

4.2.2. Advanced OLAP model
Sautot et al. (2015) present a mixed multidimensional refinement

methodology that transforms a constellation schema by defining hier-
archy levels using a hierarchical clustering algorithm. This refinement
methodology enriches a dimension with factual data. In particular, the
methodology notes “source fact” the fact that is removed and used to
enrich the “target dimension” with new hierarchies created using a data
mining algorithm.

The proposed model is shown in Fig. 6.
In our work, we have adopted this methodology using the GSI fact

as source fact. The target dimension is the Location dimension. But, to
meet our decision-maker analysis needs we provide three modifications
to Sautot et al. (2015):

1. The measure of the “source fact” (i.e. value of GSI) are added to the
other fact (i.e. IPM)

2. A new dimension is added with the new hierarchies (i.e. Similarity)
3. The data mining algorithm is replaced by a statistical method, the U

test (Mann and Whitney, 1947), to compare the GSI distributions.
This test allows evaluating if two not normal distributions are sig-
nificantly different. In our example, the test returns that the two

distributions are significantly different at 5% level (p-
value= 0.019). According to the U test result, the GSI distributions,
expression of the climatic factors, are significantly different for the
farm in the Bari department for the year 2016 and 2017.

The resulting OLAP model is shown in Fig. 6.
Let us describe the new Similarity dimension, which is obtained to

our statistical method previously described.
The Farm-yearSource level represents agro-climatic conditions of

farm by year, for example Farm2-2017 represents the GSI condition of
the Farm2 during 2017, Farm1-2016 represents the GSI condition of the
Farm1 during 2016, etc.

The Similar level groups all other farms-year in similar and not si-
milar, based on the result of the Mann-Whitney test performed on the
GSI distribution assigned to the selected farm and the others loaded in
the system.

Finally, Farm-yearTarget represents the farms similar or not, respect
to the chosen farm (Farm-yearSource). For example the farms that are
not similar to Farm1-2016 are: Farm1-2017 and Farm4-2017.

An example of this hierarchy is shown in Fig. 7.
Using our multidimensional advanced model it is possible to answer

to OLAP queries using at the same time GSI and IPM measures, and
exploring farms that are similar according to the GSI value. An example
is shown in Fig. 8. It shows the average of treatments at plot level
(AVG_Treatments) over 2017 and 2016 campaigns and the GSI values,
for the farms not similar and similar to the Farm1 in the campaign
2016. In particular, as shown in Fig. 8, the advanced multidimensional
model allows performing a set of queries over different farms, based on
the similarity obtained by the comparison of the GSI distributions. In
the provided example (Fig. 8), the user farm, Farm2_2016, is compared
with similar, Farm1_2016 and itself, and not similar farms, Farm2_2017
and Farm4_2017, according to Similar dimension (Fig. 7), previously
described. The similarity or not, is underlined in the system by the
graphic representation of the two GSI distributions investigated. In
particular, for the similar farms is shown the same GSI annual dis-
tribution, while for the not similar farms, the system returns the com-
parison between the two distributions, highlighting the differences
occurred.

To conclude, our new model solves the issues of the previous de-
scribed conventional OLAP model.

All other analysis possibilities provided by our model are described
in the next section.

5. OLAP advanced analyses: results

In this section we present a set of examples that are representative
of the analysis possibilities offered by our new OLAP model.

Among all analysis capabilities offered by the model (c.f. (Zaza
et al., 2018) for more details), in this work, in particular, we show how
it is possible to analyze IPM data of different farms having the same
phenological conditions over a year to understand some best practices
(Section 5.1).

Moreover, we present some examples of the analysis of the prac-
tices, and therefore of the causes, of farms having different climatic
conditions during a year (Section 5.2).

5.1. Best practices example

Let us consider the query OLAP shown in Fig. 9. This picture shows
that the similar farms Farm1_2016 and Farm2_2016 have not respected
the IPM defense rules. The proposed system allows focusing on these
two similar farms in order to analyze through the measures Error type
and Number of treatments, each performed treatments, taking into ac-
count the target pests (Fig. 10). The number of performed treatments is
the same, five per farm, but the Farm1 presents one wrong treatment,
while the Farm2 has two errors. Considering that the two farms areFig. 6. Olive crop IPM advanced multidimensional model.

C. Zaza et al. Computers and Electronics in Agriculture 148 (2018) 237–249

244



similar by the phenological point of view, the crop protection strategy
adopted by Farm1 could be identified as the more sustainable. There-
fore, this type of query could be used to investigate and suggest best
practices, taking into account the farms grouped per similar phenolo-
gical conditions, allowing to improve the economic and environmental
performances of the farms recorded in the system.

5.2. Different practices example

As shown in Fig. 9, the Farm2, is considered similar for the year
2016 and not similar for the year 2017, respect to Farm1. So, in Fig. 11

is presented a query concerning one farm, Farm2, aimed at highlighting
the differences occurred during the two analyzed years, taking into
account the protection versus the insects. It is interesting to point that
the phytosanitary treatments to control the insects have changed be-
tween 2016, focused on B. olea, and 2017, concentrated on P. olea.

The different phytosanitary strategies shown in Fig. 11 at level of
single farm could be associated to the different climate conditions oc-
curred during the two analyzed campaigns, which have determined the
two different GSI distributions, previously presented (Fig. 3). In order
to evaluate the hypothesis that the different climate conditions have
determined differences in the phytosanitary strategy to control insects,
an inter-farm query is performed involving all the farms recorded in the
system, taking into account the chemical treatments used to control the
B. olea and P. olea, according with the measures AVG_Treatments and
Number of treatments. As shown in Fig. 12, the number of treatments
performed to control the B. olea and P. olea is completely different
between the two years. Indeed, for the 2016 the treatments executed for
the B. olea is equal to 10 in total (8 considering the plot average), while
in 2017 no treatment is performed to control the olive fruit fly. On the
contrary, for the 2016 the number of treatments executed for the P. olea
is equal to 2 in total (1 considering the plot average), while in 2017 to
control the olive moth 5 treatments were performed in total (3.5 for the
plot average). The showed results seem to confirm the presented hy-
pothesis.

6. Implementation

The OLAP system, based on the advanced model described in Fig. 6,
is a three-tier relational OLAP system structured as follows (Fig. 13):

• The Data Warehouse tier. This level is in charge for data storage and
it is carried out using the Postgres DBMS. Data are modeled using
the star schema logical model (Kimball and Ross, 2013). Star
schema denormalizes dimension tables to avoid expensive join op-
erations.

The star schema model implemented in our case study is shown in
Fig. 14.

• The OLAP Server tier. This implements the OLAP operators (Drill-
Down, Roll-Up, etc.). It has been implemented using Mondrian.

• The OLAP Client tier. It is in charge of the visualization and ex-
ploration of warehoused data and is implemented using the OLAP
client JRubik. Moreover, the OLAP client has been modified in order
to allow the visualization of the graphics representation of the GSI
distribution, as shown in the previous section.

Fig. 7. Example of the similar dimension’s hierarchy.

Fig. 8. Example query over IPM and GSI data.
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7. Related work

The vegetation phenology studies the recurrence of vegetative cy-
cles in function of climate conditions. Robust phenology models have
been used to monitor and predict the vegetation response to climatic
data (White et al., 1997). In literature, many works are focused on
phenology as an indicator to evaluate the effects of climate change
(Kramer, 1996; Lechowicz and Koike, 1995; Schwartz, 1999), because it
is driven by environmental variables, such as temperature, precipitation
and photoperiod (Xu et al., 2014).

Phenology models have been developed for many crops.
Chunie (2000) developed a phenological model for the budburst of

trees, called Unified model. This model was validated and tested for
several vegetal species, such as Aesculus hippocastanum L., Buxus sem-
pervirens L., O. europaea L.

García de Cortázar-Atauri et al. (2005) presented a model to cal-
culate the budbreak dormancy in grapevine (Vitis vinifera), called BRIN
model, tested in different locations in France and for several varieties.

Caffarra and Eccel (2010) developed a phenological model adapted
for the grapevine, especially the cultivar Chardonnay. In particular, the
authors calibrated and validated several models for the budbreak,
flowering and veraison, obtaining a robust phenological model for the
cv Chardonnay. The model was validated by environmental data taken
from several locations in Italy.

Parker et al. (2011) described a general phenological model to

predict the flowering and veraison of grapevine. In particular, the au-
thors tested three different models. Through the optimization and va-
lidation of the most accurate by a phenological dataset, the authors
have obtained a new general model, tested on 11 cultivars.

Miranda et al. (2013) evaluated several phenological models for the
prediction of bud development in peach (Prunus persica L. Batsch). For
this work the authors have used phenological data acquired for 6 years
in different locations in Spain for 3 cultivars.

Rea and Eccel (2006) presented a model for the prediction of the
flowering date in apple (Malus domestica Borkh.). The model was op-
timized taking into account 6 phenological series for the cv Golden
Delicious at 6 locations in Italian fruit-growing region Trentino.

Recently, the OLAP approach have been used to analyze agricultural
data.

Chaudhary et al. (2004) presented a system to analyze the economic
factors affecting the yield of cereal crops. The dimensions included in
the system are the spatial dimension, the temporal dimension, the
fertilizers and the cereals.

Chaturvedi et al. (2008) investigated factors affecting cotton pro-
duction, defining 13 data cubes related to the analysis of crops taking
into account several aspects such as soil and socioeconomic resources
using a hybrid design methodology. In this work, the authors have
faced the problem related to the multi-granular data, which consists of
data sources that are not all available at the same dimension levels,
disaggregating data, when possible, using complex interpolation

Fig. 9. OLAP query exploring similar and not similar farms.

Fig. 10. OLAP query focus on similar farms.
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functions. The provided data cubes could be explored using not only the
classical SQL, but also with some advanced aggregations, such as a
weighted average for the market price.

A model to estimate the crop performance for a specific area,
weather and environmental domain was developed by Gupta and
Mazumdar (2013). The authors defined a data cube able to investigate
the success of a specific crop in function of irrigation, weather, seeding
and the soil type. Moreover, the schema of the data warehouse is de-
tailed, providing some SQL example decisional queries.

In the work of Pestana et al. (2005) a data model to face the pro-
blem of integrating spatial and temporal data providing information is
proposed to simplify semantic interoperability and data analysis in a
Spatial Data Warehouse (SDW) that uniformly manages all data types to
study the vineyard production. The model provides a temporal di-
mension, a spatial dimension, which represents the plots, and others
thematic dimensions. The number of grafts and the number of changes
of the geometric shape of the spatial phenomenon are the measures
included in the model. Finally, the presented model allows in-
vestigating the evolution of the production and the parcel.

Deggau et al. (2010) also focused on farm activities and agricultural
production. The proposed system enriches SDWs with ontologies en-
abling to find the more appropriate SDW by a keyword search.

The support of macro-level planning activities is the aim of the
OLAP system developed by Nilakanta et al. (2008), which could be used
for the analysis of animal and crop resources. For the design of the

multidimensional model, the authors took into account the available
data and the decision-maker needs, validating it through a usability
test. Therefore, applying a hybrid methodology and considering the
data sources and the feedback obtained with the usability test, the
authors provided several cubes organized in a constellation schema.
The model dimensions are classical, i.e. the product dimension, and
complex, such as temporal and spatial dimensions, facing the multi-
granular problems as previously described.

The integration of forestry data in a spatiotemporal DW has treated
by Miquel et al. (2002), providing a complex multidimensional model,
composed by the temporal and the spatial dimensions to measure the
forest surface. In this work, the authors reported that the main problem
concerns the spatial hierarchy, which is dependant over time.

Pinet and Schneider (2010) adopted the OLAP approach to analyze
the usage of agricultural fertilizers. The presented spatio-multi-
dimensional model, based on a UML profile, allows investigating the
spread amount per commune and fertilizer. To manage the logical co-
herence issues due to the heterogeneous data sources, the authors
adopted the OCL constraints.

Bimonte et al. (2013a) during the DispEAU project, which aims at
monitoring meteorological data collected from French vineyards,
evaluated the effect of humidity and temperatures on vineyard pro-
duction. To enrich the objective of the project was designed a Spatial-
OLAP (SOLAP) model presenting a spatial dimension, representing plots
and farms, and a temporal dimension. The measures, temperature and

Fig. 11. Example of intra-farm query across two
years focused on insects phytosanitary treatments.

Fig. 12. Example of inter-farm query across two years focused on phytosanitary
treatments to control insects.

Fig. 13. Architecture of the system.

Fig. 14. Implementation of the model of Fig. 6.
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moisture, are recorded through a wireless sensors network. The model
is implemented in an OLAP-GIS architecture using Map4Decision as
Web SOLAP client. Adopting a similar SOLAP architecture, the energy
consumption of farms was analyzed for the wheat crop (Bimonte et al.,
2013b) and the milk production (Bimonte et al., 2014).

8. Conclusion and future work

Olive tree is one of the most important crop at global scale. Apulia is
the first region for olive crop in Italy, producing 0.99 Mt, equal to 35%
of the national amount (2.81 Mt) (ISTAT, 2016). Therefore, in the
Apulia region, a large number (227245) of farms work on the Olive tree
(ISTAT, 2010), generating a huge amount of IPM data.

In this paper we present an extended version of the OLAP model
proposed in our previous work (Zaza et al., 2018), integrating the olive
GSI, a phenology model proposed by Orlandi et al. (2013), in order to
indirectly compare the farms by a climatic point of view. Therefore, the
GSI for the city of Bari for the years 2016 and 2017 is calculated using
the open access climatic data provided by Apulia Regional Agency for
the Prevention and Protection of the Environment (ARPA-Puglia). In
addition, we charge in the system the phytosanitary data derived from
four real Apulian farms located in the Bari department and renamed for
privacy reason, related to campaigns 2016–2017 and 2017–2018.

To integrate the GSI distributions and the farming data into the
system, we achieved a new advanced OLAP model, adapting a new DW
design methodology proposed by Sautot et al. (2015). Moreover, we
have introduced a new OLAP client able to represent OLAP data by
means of pivot tables for numerical data and for graphic displays, in
order to visualize the graphical representation of the GSI distribution.
The proposed system allows analysing IPM data of different farms
having the same phenological conditions over a year to understand
some best practices. The characterization and the spread of the best
practices is fundamental to enhance the economic and environmental
performances of the farms recorded in the system. At the same time, the
system permits to highlight and explain the different practices adopted
by farms working in different phenological, and therefore climatic,
conditions.

As current work we plan to increase the farming and climatic data,
taking into account more farms distributed on different areas, in order
to validate the system on a wider territory with bigger datasets. We will
also study other crops such as wheat, grapevine, etc. As future work, we
will study the usage of sensors to collect climatic data to support pre-
cision agro-climatic analysis. To achieve this goal, we plan to deploy
our system under big data platforms, such as Hadoop.
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