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Abstract—Agriculture is one of the strategic economic and
social sectors in many countries. In Spain, agriculture has been
and continues to be a fundamental sector on which the
development of the rest of the sectors depends to a large extent.
However, there are many factors that influence its performance,
some are dependent on the farmer and others, such as the effects
of climate change, do not depend on this. Therefore, crop yields
are not always easy to forecast, especially not at an early stage, i.e.
before any investment is made for the new cropping season. A case
example is presented here in the olive grove in Andalusia, Spain.
The objective is to analyze the most influential predictor variables
on an early predictive model and the contribution, in this case, of
data from satellite images.
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I. INTRODUCTION

Agriculture plays an important role worldwide, but in specific
areas, such as the Mediterranean basin, it has a special economic
and social contribution. The climate of the countries in the
Mediterranean area has conditioned the type of agriculture,
mainly centered on vines, cereals and olives. However, there is
currently growing concern about the lack of rainfall and
abnormally high temperatures, which are determining factors in
the fall in agricultural production, especially in the olive sector.

The productivity of olive crops depends on various factors
such as soil fertility, weather conditions, the type of tillage
carried out and also the amount of last year’s crop [1]-[4]. Some
of these factors are controllable by the farmer, but others, such
as weather conditions, are not.

High olive harvest values are a key objective not only for
growers but also for olive mills, distribution and insurance
companies, as well as for the food industry. In this sense, it is
reasonable to think that strategic decisions in this sector are
made on the basis of the expected harvest. Thus, an early season
of crop yield prediction, i.e. before planning the investment of
resources, is essential in this sector. In the particular case of
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olive production, it makes it possible to establish market
strategies, to know in advance the income of farmers and
companies, the number of workers to be hired, or the machinery
that will be needed. This information would make it possible to
adjust production costs and contribute to environmental
sustainability by optimizing the use of phytosanitary products
or tillage.

In this sense, a few years ago, crop predictions relied heavily
on the experience of farmers, but today much agricultural
research focuses on improving crop forecasting. This shift has
been complemented by other economic sectors using the
predictive potential of Artificial Intelligence (Al) techniques, in
particular Machine Learning (ML) and Deep Learning (DL).
These techniques are now widely used for crop yield prediction
[5]-[8]. However, crop yield prediction is one of the
challenging problems in precision agriculture and, as indicated
by Xu et al. [9] it is not a trivial task. There are several studies
in olive crop yield prediction and most of them are based on the
predictive value of pollen emission levels [10]-[14]. These
studies take into account basic parameters of pollen levels, as
well as other factors such as temperature, rainfall and relative
humidity. In the latest study, a regression analysis is performed
with results with an error of 0.96% in July. It should be borne
in mind that in Spain the harvest is normally harvested between
December and January. Therefore, in spite of the latter being a
very reliable model the prediction is made after pollination,
which occurs very late in the agricultural year, in April, May or
June. It is therefore a very reliable model, but it provides a very
late prediction, only 5 months before the olive harvest. These
results provide useful information for the farmer, to help
establish optimal harvesting periods. However, the purpose of
our prediction is not that, but to help plan at the beginning of
the crop year the investments and resources to be used for
ploughing that year.

The importance of early crop prediction is a hot topic in the
scientific literature [15], [16]. In the particular case of the olive
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grove, most work focuses on the study of variables such as the
amount of pollen in the air, vegetative indices that indicate the
health of the plant or rainfall maps [11], [12], [17]. However,
some of these values are collected in spring, between April and
May. This forecasting period is too late to make strategic
decisions of the type discussed above, as the investment of
resources has already been made at that time. The challenge in
this sector is an early forecast in the months of February, just
when the previous season’s olive harvest has finished.

The aim of this work is to generate an early predictive model
of the harvest quantity of olives, our target. For this purpose,
ML algorithms are applied using variables from different
sources. Although not all the factors that will affect the next
harvest are known at this time, it would be advisable to
anticipate what the general trend will be if other negative factors
do not intervene. In any case, this prediction model will be fed
with different variables as the seasons progress in order to better
adjust to the time of harvest. The current state of the work is in
the analysis of the predictor variables used. At this phase the
aim is to determine which are the most influential and to discard
those that do not have a significant influence or introduce noise.
In this sense, it is observed that the integration of variables from
satellite imaginary improves the predictive error so far.

The document is structured as follows. Section 2 describes
the methodology carried out and the data processing carried out
using Google Earth Engine and QGIS together, as well as the
ML algorithms used. Section 3 shows the first results with the
different combinations of predictor variables, analyzing how
the results improve with the incorporation of satellite image
data. Section 4 describes the conclusions and future work to be
developed.

Il. METHODOLOGY

This section describes each of the phases comprising the
workflow followed. The objective in this phase of the state of
the research is to analyze how the predictor variables used
influence the level of accuracy of the predictive model.

A. Research Area

The study area covers all the municipalities of the province
of Jaen, located in Andalusia, southern Spain, between co-’
ordinates 38°N 3°W (WGS84). This province extends over a
total area of 13,496 km?, characterized by diverse topographies
ranging from mountainous areas to wide valleys. In total, it has
97 municipalities (see Figure 1). The climate is Mediterranean,
with partial variations depending on the configuration of the
terrain and the proximity to the Guadalquivir River, which
flows through the province. The average annual temperature
varies between 15-17 °C, with marked differences in
temperature between day and night, especially in areas close to
the river. Rainfall, around 500 mm, is mainly concentrated in
the coldest period of the year, although this pattern varies
according to the geography of each area.

B. Dataset

At the core of any predictive analysis is reliable data to ensure
an accurate prediction. Here, the data comes from official

sources and entities, which supports its reliability. Examples of
these data sources are: the Area of the Central Registry of
Cartography of the National Geographic Institute of Spain
which has provided the municipality boundary files, or the State
Meteorological Agency (AEMET), dependent on the Spanish
Government, meteorological data have been obtained. To
achieve accurate results, some pre-processing is often
necessary, such as outlier cleaning, data cleaning,
categorization and normalization of information, among other
steps.

In general terms, the yield of the olive grove depends on the
climate, the quality of the soil, the presence of pests, tillage,
olive tree varieties and planting density [1]-[4]. However, this
study is conducted at municipal aggregation level, where
several of these factors are inherently embedded in the harvest
data or the municipality’s geographical context, making it
unnecessary to explicitly insert them into the dataset. For the
research, influential data that do not conform to a recognizable
yearly pattern are employed as training data. Therefore,
environmental and meteorological variables are considered, as
well as variables that indicated the state of the crop during the
crucial seasons.

The olive tree follows a vegetative cycle composed of two
growth stages, where proper care and feeding are crucial to
ensure optimal yields after harvest. Olive cultivation is
influenced by a variety of factors, some of which are specific to
the local environment, such as environmental and weather
conditions. Other factors are a direct result of the agricultural
practices employed by the farmer on the farm. Within these
stages, olive trees go through various phases, including bud
break (February-April), flowering (April-May), fertilization
and fruit set (May-June), fruit growth (June-September), fruit
ripening (October-December) and dormancy (November-
February). In this study, these stages are grouped into three
seasons, coinciding with the seasons of the year in which the
olive tree responds uniformly to the external factors affecting it.
Table 1 shows the months covered by each season considered.

The vyield of the olive grove depends on the climate, the
quality of the soil, the presence of pests, tillage, olive tree
varieties and planting density. This study is conducted at
municipal aggregation level, where several of these factors are
inherently embedded in the harvest data or the municipality’s
geographical context, making it unnecessary to explicitly insert
them into the dataset. It is obvious that meteorological factors
are decisive for crop production. Taking into account the level
of aggregation of the crop yield data used in this research, the
data are grouped at municipal level of aggregation and the dates
to which the data refer are the seasons indicated in Table 1. In
short, the predictive variables used are:

* Olive crop yield data from each municipality/year. The
training data contain a total of eight years. ¢ Weather
information from official weather stations. The Regional
Government of Andalusia publishes annual olive crop yield
data at different levels of aggregation. In this sense, from
weather stations are used rainfall data.
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Figure 1. Research area. The left image represents the location of Andalusia in Europe. The right image is the map of Municipalities of Jaen inside Andalusia.”

The coordinates (m) are UTM, zone 30 referred to ETRS89.

TABLE L. SEASON DIVISION
Year Dates
Winter 01-December to 29-February
Spring 01-March to 30 - June
Summer - Autumn 01-July to 30-November

* Satellite data. Taking into account the information to be
obtained, the choice of satellite type becomes a critical decision.
Consequently, different satellites are used to acquire data
related to different fields, as it is temperature or precipitations.

C. Modeling process

The methodology followed consists of the following phases:
(1) The understanding of the data, identify the information it
provides, the format and the meaning of the values; (2) Its
acquisition and preparation process, Once captured, the data
requires prior preparation before being inserted into ML
models, some require categorisation, others labelling, detection
of outliers, null values, etc.; (3) The generation of the predictive
models using different algorithms and, finally, (4) The
validation or analysis of the accuracy obtained, in this sense the
k-fold cross validation technique was used to evaluate results in
statistical analyses. The output data of the model is the amount
of olive harvest (the number of Kg of olives). This information
is collected for each campaign and for each one of all the
province municipalities.

Once the dataset is available, the following step is the
detection of data anomalies. This is to identify unusual cases in
apparently homogeneous data. A classification algorithm is
used for this purpose because these anomalies can be considered
as a particular case of classification. Specifically, in this phase,
the algorithm used has been the Support Vector Machine
(SVM) algorithm. The next phase consists of determining the
level of influence of the variables used on the target attribute.

In this case, the Minimum Description Length (MDL) algorithm
[18]. Finally, regression analysis algorithms are used in the
creation of the model. In this study, SVM with Gaussian kernel
and Linear kernel, respectively, have been used. SVM
regression supports two types of kernels: Gaussian kernel,
which is used for non-linear regressions, and the linear kernel,
which is suitable for linear regressions. SVMs work effectively
on datasets containing many features, even if the number of
cases to train the model is very small. Another algorithm used
was Neural Networks (NN) which also offers good precision
but not bettern than SVM which best fits the prediction in all
cases.

I1l. RESULTS

The first results of this research are the analysis of the
contribution of the use of satellite imagery to improve
predictive models. We first analyze the results considering only
the data from meteorological stations and then we analyze the
improvement that the incorporation of satellite images entails.

A. Predictive models using only weather station data

The advantage of using weather stations is that they are daily
data from stations maintained by official agencies. However, in
this case, the particular disadvantage is the level of aggregation
we are using and the distance between stations. Figure 2 shows
the network of meteorological stations in Jaen.

Nevertheless, we do this analysis to see to what extent
satellite imagery can overcome this drawback Municipalities,
which have a station nearby, provide reliable rainfall data.

B. Predictive models using satellite imagery data

Temperature is monitored using MODIS constellation, given
that it has spectral bands that allow the detection of surface
temperature (see Figure 3). Finally, for rainfall information, we
use ECMWF data, based on Copernicus satellite images and
Google information. Specifically, ERAS5 (Earth Climate
Reanalysis) project.
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Figure 2. Location of the network of meteorological stations in the province of
Jaen (yellow dots) and the oil cooperatives (blue dots).
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Figure 3. Map of temperatures in the province of Jaen calculated from ECMWF
data.

TABLE II. FREDICTION MODELS

Predictor

variahlis Weather stations Satdlite magery

SV SVM

dlgorithms X . NN . ; NN
Gaussian Lineal Gaussian Lineal

Only Rainfall 23.56% 24.29% 25.67% 24.62% 25.70% 27.07%

Ramfall +

0,
Temperature 230%

24.20% | 2542% 24.58% 25.48% 26.26%

Table Il shows the mean absolute errors of the predictive
models using different combinations of variables. These first
tests confirm that, in general, data from weather stations can be
substituted by satellite data in those areas far away from a
station.

IV. CONCLUSIONS AND FUTURE WORKS

This study presents a workflow methodology describing the
steps followed in the analysis of the predictive calculation of
olive crop yield at an early stage. The novelty of the work is
how early, within the agricultural year, it makes the crop

prediction. Just before the investment of resources begins, when
there is still no visible or measurable sign of pollen or the
beginning of fruit. The correct selection of the predictor
variables and the quality of these variables are fundamental.
The integration of satellite imagery into the model improves
crop yield prediction. This is due to the fact that a better
diagnosis of the state of the satellite imagery can overcome this
drawback weather next to the area studied contributes to a good
early prediction of its production. In this sense, satellite images
have been fundamental in order to have sufficient temporality
covering all the municipalities in the province of Jaen. The
methodology developed is applicable to future works at
different spatial scales, even at local or farm detail level. The
short-term future development of this work includes the
generation of an intelligent system in which the variables
obtained from the satellite images are extracted automatically
as well as the downloading of the meteorological values from
web services. Thus, a non-expert user will be able to use the
system by simply inserting the harvest values of the farm or the
area under study. The short-term future development of this
work includes the generation of an intelligent system in which
the variables obtained from the satellite images are extracted
automatically as well as the downloading of the meteorological
values from web services. Thus, a non-expert user will be able
to use the system by simply inserting the harvest values of the
farm or the area under study.
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