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Abstract

Yield forecasting is a task that provides critical inputs for producers and other stakeholders in agricultural marketing. Various methods
have been applied to forecast olive yield in prior studies that primarily analyze datasets involving meteorological and phenological
measurements. Our study reviews the prior literature on olive yield forecasting and explores the prominent methods employed in this
context. Accordingly, we categorize prior models into two broad groups: pollen index forecasting and olive yield forecasting models.
Moreover, our study highlights the popular methods and attributes involved in previous research, and reports the initial findings of the
ongoing olive-yield forecasting project held in Izmir, Turkey. Finally, a discussion is presented regarding the techniques utilized and
the attributes analyzed in forecasting models.

Keywords: Olive Yield Forecasting, Forecasting Models.

Zeytin Verim Tahmininde Kullamlan Sayisal Modellere iliskin Bir
Literatiir Arastirmasi

Oz

Verim tahmini, tarimsal iiriinlerin pazarlanmasinda tireticiler ve diger paydaslar igin 6nemli girdi saglamaktadir. Zeytin verim tahmini
caligmalarinda ¢esitli yontemler ile meteorolojik ve fenolojik Ol¢iimlere dayali verilerin incelendigi goriilmektedir. Bu ¢aligmada,
zeytin verim tahminleme ¢aligmalarina iligkin bir derleme sunularak, bu kapsamda kullanilmig yaygin yontemler ele alinmaktadir.
Incelenen calismalar, polen endeksi ve zeytin verimi tahmini odakli modeller bigiminde iki ana grupta toplanmustir. Bununla birlikte,
sunulan modellerde yaygin olarak kullamilan yéntemler ile incelenen nitelikler ele alinmis, Izmir’de baslayan zeytin verim tahmini
projesi kapsaminda elde edilen Oncii veriler sunulmustur. Son olarak, zeytin verim tahmini modellerinde incelenen nitelikler ve
kullanilan yontemlere iliskin degerlendirmelere yer verilmistir.

Anahtar Kelimeler: Zeytin Verim Tahmini, Tahminleme Modelleri.
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1. Introduction

Olive is a valuable product for Mediterranean countries, and
olive vyield forecasts are essential for both optimization of
resources allocated for olive production and planning for the
distribution of olive oil (Oteros et al., 2014). Forecasting is
important for various managerial decisions in the agriculture
sector, including financial planning, pricing, inventory
management, and crop rotation optimization (Fornaciari et al.,
2005). In a broader perspective, yield forecasts might provide
insights about the supply in the future and signal emerging
market conditions.

Yield forecasting is a widespread problem in agriculture that
relies on data-driven models. Obtaining accurate foresight on
yield might signify a shortage or excess of goods in a market. In
particular, the forecasting of yield and prices are essential for
farmers, agribusiness industries, and governments (Allen, 1994).
Crop simulation models are often used for yield forecasting and
might provide decision support functions for farmers (Basso et
al., 2013). Another prominent forecasting task in agriculture
concerns the prices since significant increases or declines might
affect multiple stakeholders in supply chains. A recent study by
Sabu and Kumar (2020) has developed multiple models to

develop arecanut prices and highlighted the better performance
of the Long Short-Term Memory networks than the other
methods tested.

In a machine-learning study to decide when to spray
kiwifruits in New Zealand against leafroller incidences, Hill et
al. (2014) highlighted the importance of using technology to
reduce data collection costs. Besides, the study utilized various
models, including Support Vector Machine, AdaBoost, Naive
Bayes, Random Forest, and Logistics Regression for automated
(spray-or-not) decisions. Wireless sensor networks, such as
humidity sensors in smart irrigation, are useful in automated
agricultural tasks due to their context-awareness, autonomous
operating ability, fault-tolerance, and intelligent decision-making
capabilities (Ojha et al., 2015:68). In general, research for yield
forecasting, including olive, could benefit from that progress
over the next years.

The development of olive yield forecasting models can be
described as a demanding task that requires research groups to
conduct long-term projects. Olive oil is a valuable commodity,
and there have been fluctuations in the market price through the
years. The graph below demonstrates the virgin olive-oil prices
in Spain, which is one of the primary exporters in the global
market for olive oil.

Figure 1 Weekly prices of virgin olive-oil in Spain (€/100kg)
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Source: European Commission Agri-Food Data Portal
(https://agridata.ec.europa.eu/extensions/DashboardOliveOil/OliveQilPrices.html)

As in the prices, Figure 2 further demonstrates noticeable
fluctuations in total olive oil production in Spain. The decrease
in production from 2013/2014 to 2014/2015 was noticeably high
(52.8%).

Figure 2 Olive oil production in Spain (x1000 tons)
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Source: European Commission Agri-Food Data Portal
(https://agridata.ec.europa.eu/extensions/DashboardOliveQil/Oli
veOilProduction.html)
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The variations in olive production and the uncertainty in
market conditions both necessitate the significance of olive yield
forecasting. Besides, accurate forecasts might benefit businesses,
producers, and consumers. Forecasts for pollen concentrations
are also crucial in medical research, especially for allergy-related
studies. Consequently, pollen and olive vyield forecasting
problems have been receiving intensive attention from various
disciplines.

This paper fundamentally aims to investigate the olive yield
forecasting methods and extends our prior study (Kabasakal and
Ozaltas, 2018) by examining more recent literature. Besides, this
study partially presents our preliminary research for our ongoing
project to develop an olive yield forecasting model, which is
supported by the Turkish Ministry of Agriculture and Forestry.
According to the project schedule, pollen concentration
measurement has started in April 2020 and still going on by
March 2021.
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As a further detail, daily meteorological data, including
daily measurements for temperature, rainfall, humidity, wind,
atmospheric pressure, sunlight hours, and solar radiation, are
recorded continuously for our project. Additionally, phenological
states are monitored and recorded. Data collection in our project
also involves the use of Hirst-type volumetric traps for
measuring pollen concentrations, which provides valuable input
in olive yield forecasting (Garcia-Mozo, 2011).

Figure 3 depicts the daily airborne pollen concentrations
recorded between 15.04.2020 and 14.06.2020 in the pilot region
located in Kemalpasa, [zmir, Turkey.

Figure 3 Olive Pollen Calendar in Lzmir, Turkey
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Before presenting our review, we note that most olive yield
studies aim to provide forecasts and future projections, that are
also among popular tasks in machine learning. As highlighted by
Géron (2019), the success of machine learning applications
typically relies on the data as well as the method being
employed. In this sense, our review focuses on the attributes
being analyzed in olive yield forecasting models, as much as the
methods in use. Accordingly, we present and compare distinctive
machine learning models and identify the differences noticed
regarding the variables being utilized.

2. Material and Method

A variety of studies have been noted where forecasting
models were developed towards significant problems in
agriculture. The forecasting of prices and total yield was popular
in this context, as well as the prediction of events for early
warning systems. Such systems utilize classification and
regression models to predict and avoid diseases (Corrales et al.,
2015:210) and provide warnings for decision-makers. Yield
forecasting techniques are applied for a variety of agricultural
products, including olive.

Olive is an anemophilous species and has well adapted to
wind pollination. The airborne pollen releasing from olive trees
into the atmosphere is among important phenological data
(Garcia-Mozo, 2011), often exploited in olive yield forecasting.
Osborne et al. (2000) conducted a study that links thermal
factors with olive flowering dates in the Mediterranean region.
Moreover, the authors highlighted that pollen concentration
measurements could be used as a climate-warming indicator.

Another use case for airborne pollen data is the prediction of
dates for olive phenophases. A study by Mancuso et al. (2002)
developed an artificial neural network to analyze climatic data
towards olive phenophase prediction. Pollen-based studies
inherently depend on the collection of airborne pollens, even
from multiple regions. Moreover, this might be considered a
challenge that leads to costs for acquiring and running
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specialized equipment, and even limits the number of projects on
olive yield forecasting. Before presenting prior studies, our study
addresses several challenges regarding olive yield forecasting
models.

2.1. Challenges in Olive Yield Forecasting

Intuitively, a problem such as olive yield forecasting could
be related tightly to environmental variables. Besides,
differences might arise from the characteristics of the area for
which fruit yield is to be forecasted. Furthermore, even in
adjacent locations, data might differ due to specific conditions
such as exposure to sunlight, micro-climate effects, elevation,
and the type of soil. The variety of data involved in the various
models for yield forecasting might show significant differences
due to the constraints of the study as well. In addition, model
development has its own difficulties to be handled. As
highlighted by Oteros et al. (2013:313), developing a method
that obtains a proper Pollen Index indicator is another challenge
towards yield forecasting.

Another obstacle for yield forecasting involves the tasks and
costs required for obtaining and using specialized equipment.
Most forecasting models depend on airborne pollen
measurements, and pollen data is collected by specific traps.
Besides, routine tasks such as maintenance and calibration are
occasionally required for continuous operation. Accordingly,
olive yield forecasting studies require funds often granted with
projects that have time and budget constraints. Moreover, the
availability and the number of technical equipment might differ,
as well as the staff hired to accomplish the controls,
maintenance, and calibration required for seamless operation.
Therefore, obtaining extensive volumes of recordings in data
collection might be constrained by such factors in olive yield
forecasting projects.

2.2. Forecasting Models

In our literature inquiry, we covered studies that relate to
olive yield forecasting. Specifically, pollen forecasting models
are reviewed as well as yield forecasting models. Pollen
forecasting models primarily focus on forecasting the number of
airborne pollens before the spring. Such studies utilize
meteorological variables and provide a pollen index. Forecasting
of olive yield also utilizes a similar subset of variables, mostly
aggregated from various meteorological data. Additionally, olive
yield forecasting models use pollen forecasts obtained before.

In this section, we summarize the prominent studies for
olive yield forecasting and pollen forecasting, respectively.
Subsequently, the next section will highlight the differences in
models regarding the methods and attributes utilized.

2.2.1. Olive Yield Forecasting Models

Olive yield forecasting can be considered as one of the crop
yield forecasting problems in prior studies. To generalize,
agrometeorological data is an essential input for crop vyield
forecasting, and there are numerous parameters to be used
accordingly.

Statistical regression with agrometeorological inputs is
prominently used in crop forecasting (Basso et al., 2013:10). The
study by Colakoglu and Tunalioglu (2010) presented a multiple
regression model to analyze meteorological data for olive yield
forecasting. As in the wheat yield forecasting studies by Simsek
et al. (2007) and Yildirak et al. (2015), regression models in crop
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yield forecasting often include additional indicators obtained
regarding the phenological periods of the crop. The study by
Cunha et al. (2016) aimed to forecast the volume of wine
production in Alentejo, Portugal, and proposed a pollen-based
regression model that achieved 81% accuracy.

The most common olive yield forecasting technique until
the 1960s was plot census, which relied on a limited set of
observations to predict the total olive production in a large
region (Garcia-Mozo, 2011:3; Dhiab et al., 2017:541). However,
several drawbacks of this approach, including high costs and
observer subjectivity, were highlighted by several scholars.
Garcia-Mozo (2011) and Dhiab et al. (2017) noticed this issue
and underlined that airborne pollen models come forward due to
their focus on quantitative data obtained through actual
measurements.

In airborne pollen models, an indicator that signifies the
pollen count is generated through a straightforward process that
involves collecting and counting the pollens. The most common
device for data collection is the Hirst-type spore trap; moreover,
there are recent developments that pave the way for online data
collection with the utilization of new technology, including
image  recognition,  bio-molecular  analysis,  chemical
identification (Oteros et al., 2015:159). The progress in airborne
pollen measurement and pollen index monitoring has importance
for other disciplines as well. For instance, the study by Buters et
al. (2018) highlights the recent developments in pollen
monitoring technology within the context of allergy and public
health.

As a frontier in the olive yield and pollen index forecasting
studies, Galan et al. (2004) analyzed over 20-years of data that
involved metrological measurements, pollen concentrations, and
other variables derived considering the olive tree phenology. The
findings of the study confirmed that pollen emissions are useful
predictors of olive yield, approximately eight months before the
harvest. The authors proposed multiple regression models, in
which the dependent variable is the olive vyield, and the
independent variables consist of Pollen Index (PI), and monthly
rainfall & temperature data recorded over the flowering period
and before the harvest. Moreover, the results reported involved
multivariate regression models developed at different times. The
independent variables involved in those models consist of pollen
index as well as various periodical statistics of various
meteorological measurements, which are briefly demonstrated in
Table 1.

Table 1. Inputs of olive yield forecasting regression models
developed by Galdn et al. (2004)

- Pollen Index

- Rainfall amount in May

- The minimum temperature in October

- Rainfall amount in October

- Rainfall amount in July

- The maximum temperature in October

- The maximum temperature in
December

- Rainfall amount in June

- The maximum temperature in June

- Rainfall amount in September

- Rainfall amount in November

- The maximum temperature in
November

- The minimum temperature in
September

3 January

Model Date Independent Variables

1 July - Pollen Index

- Rainfall amount in May

- The minimum temperature in May
- The minimum temperature in June
- The maximum temperature in June

- Pollen Index

- Rainfall amount in May

- The minimum temperature in October
- Rainfall amount in October

- Rainfall amount in July

- The maximum temperature in October
- The minimum temperature in July

2 November
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Galan et al. (2004:46) defined the Pollen Index as the peak
pollen concentration among the daily samples. As the results in
Table 1 suggest, this attribute is an independent variable
involved in the fruit yield forecast model, with a positive
correlation coefficient as noted by the authors.

More recently, Oteros et al. (2014) developed a model based
on the partial least squares regression method to predict the olive
yield. The independent variables of the regression model involve
temperatures, humidity, wind, rainfall, and daily solar radiation
data. The authors reported that increasing water availability in
spring and higher pollen index positively affected the total yield
in the areas examined. It was noted that regression models
included variables derived by periodic averages of
meteorological data, as in the study conducted by Galan et al.
(2004).

Orlandi et al. (2016) calculated aerobiological indicators
regarding pollination and forecasted olive yields for three areas
selected from Spain, Italy, and Tunisia; and proposed olive yield
forecasts with the use of multiple regression analysis methods.

Another notable study for olive yield forecasting has been
reported by Dhiab et al. (2017) in Tunisia. The model proposed
depends on the partial least squares regression technique for
analyzing independent variables derived from phenoclimatic
measurements. The attributes involve cumulatives derived from
measurements of temperature, rainfall, and humidity regarding
the olive phenology. Besides, the authors calculated the indices
listed in Table 2 that are among the inputs for the regression
model:

Table 2. Several independent variables included in the
regression model proposed by Dhiab et al. (2017)

Independent Description

Variable

Growing Degree | A variable derived as a degree of
Days (GDD) accumulated heat requirements.

Calculated as:

GDD = Z[(Tmax + Tmin)/z] - Tb

where:

Tmax: Maximum daily temperature
Timin: Minimum daily temperature
Ty: Respective threshold for the site
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Chilling Units
(CHU)

Avariable derived as a degree of
accumulated cold requirements,
calculated using the method presented
by Crossa-Raynaud (1955).

Count of days, when the average daily
temperatures were higher than the
average of maximum temperatures
during the fruit development phase

Hot Days During
Fruit Development

Days for Optimal | Total days in the flowering period
Pollen Grain where average temperature is higher
Germination than 25°C.

In an earlier study, Fornaciari et al. (2005) also analyzed
independent variables, including biological and meteorological
parameters such as GDD, CU, daily pollen grain counts. The
data was collected from Perugia, Italy, and the authors proposed
a linear regression model to forecast olive yield based on the
input variables mentioned.

A major element in crop yield forecasting was the use of
pollen emission data, which had been pointed as a reliable
indicator in relatively early studies of Galan et al. (2004) and
Fornaciari et al. (2005). In this manner, forecasting of airborne
pollen is also a problem highly relevant to yield forecasting.
Accordingly, the next subsection reviews airborne pollen
forecasting models in prior research.

2.2.2. Airborne Pollen Forecasting Models

Airborne pollen studies have been widely conducted by
researchers of several fields, including aerobiology, agriculture,
allergy, and medicine. The pollen measurements are valuable
datasets for such domains, where significant trends and seasonal
patterns are organized into specific calendars (Camacho et al.,
2020) for decision-makers and researchers. Pollen measurements
are helpful in building yield forecasting models for fruits.

Various researchers have investigated seasonal pollen levels
and published regional pollen calendars. Bishan et al. (2020)
published the pollen concentrations in Zhanjiang, South China,
and reported the correlation among pollen measurements with
several factors, including temperature and relative humidity.
Similarly, there have been publications reporting pollen
measurements in various regions of Turkey such as Aydin,
Mugla, Manisa, (Ulas and Giivensen, 2019; Giivensen et al.,
2020), Istanbul (Celenk et al., 2010) and Antalya (Tosunoglu et
al., 2015). Olea was among the species that were examined in
those publications. It was also noted that the use of volumetric
pollen traps was common in those studies.

In addition to pollen measurements, calendars, and regional
reports, various publications have presented pollen index
forecasts, particularly for olea pollens. A recent study by Tseng
et al. (2020) utilized a hidden Markov model for pollen index
forecasting that depends on observations of meteorological and
biological data that were collected in two decades (1996-2015).
An important study based on multivariate regression was
publicized by Oteros et al. (2013) to forecast pollen intensity.
The authors presented four indices used in their pollen index
forecasting model:

- Thermal Index: calculated with the division of minimum
temperatures recorded by the temperature range.
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- Pre-Flowering Hydric Index: calculated as the total rainfall
in February and March.

- Dormancy Hydric Index: calculated as the division of total
rainfall by the sunlight hours, both recorded from
September to January.

- Summer Index: calculated with a multiplication of the
minimum temperature during the period between June and
September, and the mean of hours with sunlight from June
to August.

As described by the authors (Oteros et al., 2013), the
independent variables of the forecasting model were constructed
from prior measurements. It should also be noted that selection
of attributes in forecasting models involved domain expertise,
since the dates in those indices were carefully selected regarding
the phenological states of olive. This study was also found
noticeable due to the coverage of the dataset analyzed since the
measurements for meteorological factors and pollens had been
recorded for 29 years in Cérdoba, Spain.

Garcia-Mozo et al. (2014) also analyzed an extensive
dataset that involved pollen measurements recorded between
1982-2011. The authors proposed ARIMA models to
demonstrate long-term trends for pollen-related phenological
attributes, including the pollen index. Furthermore, based on a
significant rise of airborne pollens in Spain, Garcia-Mozo et al.
(2016) analyzed the daily pollen counts, obtained the trend
component of airborne pollen data using seasonal-trend
decomposition over time-series data, and proposed a linear
regression model over the regular pollen trend data along with
external variables. The independent variables included in the
linear regression model consist of annual, quarterly, and daily
temperatures with mean and peak values as well as rainfall data
organized similarly.

Another notable study by Galan et al. (2016) stepped
forward by identifying airborne pollen trends in 12 locations in
Iberia and analyzing the data collected over two decades. Linear
regression analysis was used in forecasting, where the results
depicted trend lines for the pollen indices regarding each of 12
locations individually.

Based on the projects and publications mentioned so far, we
could argue that pollen index forecasting models are usually
time-series analyses that analyze actual measurements as well as
research-specific indices aggregated from data. As noticed by
Tseng et al. (2020), those publications dominantly utilized
regression models in pollen forecasting.

The notable studies in our review that focus on either
forecasting of olive yield or olive pollen index have been
presented in Table 3:

Table 3. A summary of forecasting models regarding airborne
pollens and olive fruit yield.

Authors Forecasted Methods
Variable

Galan et al. (2004) Olive Yield Multiple
Regression

Fornaciari, Orlandi, Olive Yield Linear

and Romano (2005) Regression

Basso, Cammarano, | Olive Yield Regression

and Carfagna (2013) Analysis

355



Avrupa Bilim ve Teknoloji Dergisi

Oteros et al. (2013) Olive Pollen Multivariate
Index Regression
Garcia-Mozo et al. Pollen Index for | ARIMA
(2014) multiple species,
including olea
Oteros et al. (2014) Olive Yield Partial Least
Squares
Regression
Orlandi et al. (2016) | Olive Yield Multiple
Regression
Galan et al. (2016) Olive Pollen Linear Trendline
Index Model
Dhiab et al. (2017) Olive Yield Partial Least
Squares
Regression
Merkoci, Hasimi, Olive Yield Multiple
and Dvorani (2019) Regression

3. Results and Discussion

After the literature inquiry, it can be noticed that most
studies follow two main approaches: olive yield forecasting and
airborne pollen forecasting. Considering the objective of our
study, both approaches are aligned with the objective of fruit
yield forecasting. Despite the difference of focus with olive yield
forecasting models, airborne pollen forecasting models are still
linked to the problem since they obtain pollen indices serving as
crucial indicators for olive yield forecasting.

A noticeable difference in both groups of methods is the
schedule of practice: airborne pollen forecasting is conducted a
few months before the pollination, whereas olive vyield
forecasting is conducted after the pollen samples are evaluated.
In this regard, we underline that both groups of models might be
described as complementary, rather than alternatives in olive
yield forecasting.

The quantitative methods adopted in both approaches often
depend on regression models. Among the models investigated,
we noted that independent variables derived from temperature,
rainfall, wind, humidity, and sunlight measurements were
prominently included in the forecasting models. Besides,
aggregated data such as monthly averages, minimum or
maximum values, or total days between specific occasions are
occasionally used involved as datasets. As in the variables
demonstrated in Table 1 and Table 2, yield-forecasting models
make use of indices calculated from meteorological data
organized considering olive phenology. The existence of pollen
index forecasts also provides critical input for yield forecasting
models and enables obtaining forecasts before actual
measurements are available.

A notable remark in our review was the scope of data
collection in forecasting studies. Several highly popular
publications mentioned in our review (Galan et al., 2004; Oteros
et al., 2013; Tseng et al., 2020) have covered large datasets,
including measurements for various attributes recorded since
1980s. Mainly, regions from Spain and Portugal were the
hotspots for olive yield forecasting studies that benefit from such
volumes of data. Obviously, the availability of long-term data is
a requirement, and a significant advantage in developing both
yield and pollen forecasting models with high accuracy.
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4. Conclusions and Recommendations

In this study, prior research on olive yield forecasting has
been reviewed with a focus on the models proposed for that
purpose. After reviewing the literature on such models,
prominent studies have been listed with their methodology and
output.

As noted in the discussion section, prior research involves
forecasting models focusing on olive yields and airborne pollen
concentrations. Our study included and categorized those studies
as two groups: olive yield forecasting models and pollen
concentration forecasting models. The latter models provide
indirect but useful results since the pollen index is usually
regarded as a critical indicator for olive yield. Apart from the
latter group, the olive yield forecasting models ultimately
utilized attributes that represent pollen concentration, such as the
pollen index. It was noted that both groups of forecasting studies
mostly relied on multiple regression techniques.

The forecasting models reviewed primarily used pollen-
based variables as inputs. Accordingly, we should note that the
availability of accurate and sufficient pollen measurements is
vital in olive yield forecasting. Besides, the prominent
publications in olive yield forecasting have been possible after
long-term projects that enable conducting pollen measurements
for decades. The pollen datasets are also useful for research
groups from biology, medicine, environmental studies, and other
disciplines.

From a managerial perspective, we underline that accurate
crop vyield forecasts are valuable inputs for decision-makers,
both in businesses and governments. Such insights are obtained
by researchers and analysts who develop statistical models with
the use of data accumulated over many years. Moreover, the
availability of large datasets is a requirement to obtain forecasts
through statistical models and machine-learning applications. In
this regard, the emergence of prominent studies from Spain was
no surprise; because of the existence of numerous recordings
accumulated for several decades. Accordingly, the significance
of olive yield forecasting is obvious for Turkey, which is also
one of the major global olive oil producers.

As a final note, we would like to report the current progress
in the olive-yield forecasting project by the Olive Research
Institute, Izmir, Turkey. Both authors are involved in the project,
and Hirst-type volumetric traps are used for data collection since
April 2020. A depiction of pollen concentrations recorded in the
spring of 2020 was presented above in Figure 3. Besides, there
have been promising developments recently, including the
progress in sensors and mobile technologies on the route to
develop olive-yield forecasting models. The use of smart sensors
provides substantial opportunities in agriculture (De Clercq et
al., 2018) by facilitating real-time data collection and processing.
Remarkably, the availability of image recognition in automatic
pollen monitors and new instruments extend the capability to
capture pollen measurements with timely peak recordings
(Buters et al., 2018). In this regard, machine learning models
might be promising in crop yield forecasting, especially when
larger volumes of data are available with a high number of
attributes (Paudel et al., 2021). Accordingly, further research
might be beneficial to develop forecasting models with the use
of sensors and machine learning in coordination with
researchers, domain experts, and 1T specialists.
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