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Abstract: Improving water efficiency in farming systems is one of the major challenges of these
decades. Water scarcity due to climate change, together with the increasing demand of food, is leading
experts from around the world find appropriate indicators for water-use efficiency. In this paper
we propose and test different indicators for service delivery performance, productive efficiency,
and economic efficiency. Since the characteristics of the studied area and the citrus cropping system
in the East of Spain are particular, we include in our analysis two other variables which are key to
understanding the changes in the indicators: the obtained productivity, and the applied irrigation.
The indicators and these two variables are tested with the information provided by farmers of
citrus orchards belonging to an irrigation community from the East of Spain. The effect of different
factors, such as cultivated varieties, type of farmer (professional or non-professional), or plantations’
size, are evaluated against the productivity and irrigation performance of the evaluated orchards.
The effect of excess of irrigation on the indicators is also studied with the previous factors. Finally,
an artificial intelligence system is used to predict productive efficiency of an orchard, based on the size
and the water supply. Among the proposed indicators, the service delivery performance indicators
came out to be the least useful and might provoke overirrigation due to the lack of accuracy of the
data used for its calculation. The productive and economic efficiency indicators have been useful to
illustrate the remarkable effect that excess of irrigation has on water efficiency, since a reduction of
66% of productive efficiency is found for some of the analysed varieties. On other cases, a reduction
of 50% in economic efficiency is detected due to the excess of irrigation. Moreover, the excess of
irrigation implied higher economic efficiency in only one of the evaluated varieties.

Keywords: irrigation management; irrigation indicators; water use efficiency; productive efficiency;
service delivery performance; economic efficiency

1. Introduction

Sustainable agriculture (SA) aims to produce long-term crops and livestock while minimising
the effects on the environment [1]. Among the goals of this type of farming, conserving water and
reducing the use of pesticides and fertilisers are at the top, but SA also focuses on helping farmers
improve their techniques and maintain the economic viability of farms [2]. Since the Food and
Agriculture Organization of the United Nations expects the world population to reach almost 10 billion
by 2050, increasing the food supply in a sustainable manner has become a relevant issue [3]. Therefore,
assessing sustainability indicators can be of great importance to help farmers increase their productivity
while reducing economic investment.
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Water management is a fundamental part of the agricultural sector, especially for water-stressed
areas like Spain, since more profitable crops often have higher water requirements [4]. In the last
decades, traditional irrigation schemes have experienced significant transformations via modernization
projects. Nowadays more than half of the final agricultural production in Spain is obtained in irrigated
lands [5]. However, the impact of climate change will likely reduce water resources with a decrease of
rainwater and river discharges. Consequently, sound irrigation management is needed to tackle water
scarcity while increasing productivity in an efficient manner.

Many irrigation technologies have been used to improve water management, though these
techniques often result in irregular delivery rates, as well as low irrigation uniformity and efficiency [6].
The use of performance indicators and benchmarking [7] could help defining key issues and
quantify the level of enhancement that different approaches may have in crop farming. Moreover,
comparing agronomic practices, such as the use of ground covers and fertilisers, the application of
biostimulants or pruning, as well as environmental factors, like temperature, rain, wind, or water source
types, can help understanding crop responses and achieving more efficient and sustainable productions.

However, performance indicators can be complicated, and difficult to calculate and be understood
by farmers. In addition, most of the well-known indicators to evaluate the water efficiency, like the
ones proposed by United Nations in their Sustainable Development Goals (SDG), are aimed to evaluate
the water efficiency of countries and regions and are too general to be calculated for a single plot.
Furthermore, they are limited since they are based only on quantitative indicators [8]. Other indicators,
such as the proposed by Azad and Ancev [9] evaluate the efficiency at enterprise scale. Nam et al. [10],
presented an indicator used at the canal scale to evaluate the efficiency of water delivery in small areas,
while Sabiha et al. [11] also applied another indicator which considers the environmental impact of
agriculture at a district scale.

Finding appropriate performance indicators that can be applied at the parcel scale, requires the
use of rather sensitive data that can be difficult to obtain. Moreover, due to the complexity of
farming systems and their huge variability, it is necessary to integrate quantitative and qualitative
data [12]. Nonetheless, for benchmarking purposes and to improve the global efficiency of an irrigation
community based on the data of individual farmers, indicators applied at orchard scale are essential.
Other authors such as Malano and Burton [13] or Knox et al. [14], have developed indicators which
can be used at plantation scale with some adaptations. Nonetheless, the proposed indicators are based
only in quantitative data, and as established in [10], it is necessary to include qualitative data.

In this paper, we propose five indicators in order to evaluate three key aspects of citrus farming:
(1) the service delivery performance, (2) the productive efficiency, and (3) the economic efficiency.
These proposed indicators are then applied to a set of data obtained from oranges and tangerines
orchards of farmers belonging to an irrigation community in the East of Spain. The data included in
this paper has been obtained from a database generated thanks to the collaboration of two associations.
Both associations: an irrigation community and a cooperative of farmers, shared real data about
productivity and applied irrigation, collected by them along five years. In addition, three variables
are calculated based on the climatic data of the nearest meteorological station. Besides evaluating
the indicators, and before its analysis, it is essential to describe in general terms the characteristics
of the studied area (including number of orchards, number of professional (P) and non-professional
(NP) farmers, variation on cropped varieties, etc.). In addition, to display and explain the changes on
productivity and irrigation of the included plantations, in-depth analyses are performed with the two
beforementioned variables obtained from the farmers, which are used for the calculation of indicators.
These analyses are essential to understanding the particular characteristics of this type of farming
practices, and their problematic, in the studied region. In this paper, we focus on a quantitative research
approach, including qualitative and quantitative variables. Although the proposed indicators are
based on quantitative data, we will test the effect of qualitative variables such as the type of farmer or
the variety of cropped fruit on the indicators. Finally, the use of artificial intelligence is combined with
one of the indicators to establish recommendations for farmers. All this will constitute an exploratory
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initial study about water management in the citrus farming system. It is important to note that no
other study has shown this type of data or analyses for citrus farming systems.

The rest of the paper is structured as follows: Section 2 describes the experience of other
researchers in developing and applying indicators; Section 3 details the material and methods
employed, including the explanation of the proposed indicators; Section 4 presents and analyses the
results obtained; Section 5 presents the discussion of the main findings of this study; finally, Section 6
summarizes the conclusions and future work.

2. Literature Review

In this section, we analyse the experience of other researchers in applying the indicators at different
scales. We will first discuss the existing studies and, later, their shortcomings.

The terms enterprise and district are used following the terminology of consulted papers. Therefore,
the original paper must be looked up in order to get more information about the extension of the
studied area in each case.

In 2014, Azad et al. developed a modelling framework to measure the trade-offs between the
economic gain of water usage in agriculture and its environmental impact in order to construct
policy instruments to enhance water management [9]. Researchers used a new approach to derive
environmental efficiency scores for several irrigation enterprises within Australia. They applied the
Luenberger environmental indicator, an indicator that is constructed on directional distance functions
aiming at estimating efficiency changes and productivity over a period of time. By adapting the
Luenberger productivity indicator, they were able to compare the efficiency of irrigated enterprises
across space to measure their environmental performance. Although the lack of adequate research in
this area prevented them from developing generalised methods and tools, the analysis of the results
showed that there is a substantial variation of environmental efficiencies across regions.

In [12], Pham et al. performed a review of the assessment of agricultural sustainability in
developing countries that highlighted some of the critical weaknesses that can be considered as
drivers rather than indicators. These drivers of agricultural sustainability comprise a range of
natural, socio-economic, demographic, political, institutional and management factors that need to be
addressed to combat adverse indicators trends. The researchers presented a conceptual framework
to assess agricultural sustainability in developing countries that aims to capture underlying drivers
and identify the dependencies among drivers and indicators. Therefore, they reviewed the principles
of agricultural sustainability, together with the social and environmental indicators for assessing
agricultural sustainability at a local state. Among the conclusions that were extracted from this work,
they stated that understanding the influence of drivers would assist policymakers to shift towards a
more sustainable assessment of resources. However, due to the complexity of agricultural systems,
they highlighted that modelling tools need to integrate qualitative and quantitative variables that are
often difficult to assess and collect.

In 2016, Nam et al. introduced a new approach to evaluate water delivery performance indicators
of irrigation canals to identify the key issues of water management in South Korea [10]. By measuring
the water delivery performance at nine irrigation canals, performance indicators were calculated
to understand irrigation behaviours and trends. They identified possible improvement methods to
develop better water management policies so as to improve temporal uniformity and equity in the
water distribution. The selected indicators measured delivery performance in terms of adequacy,
efficiency, dependability, and equity, among others. Although these indicators showed that water
delivery systems were inadequate, the water-use efficiency turned to be relatively high, though the
required irrigation was not supplied when necessary. However, the analysis of the results showed that
problems were not only caused by irrigation management, but also by the physical structure itself.

In [11], Sabiha et al. developed a composite environmental impact index (CEII) to evaluate
the environmental degradation in agriculture. To test the effectiveness of the proposed approach,
the environmental impacts arising from high yielding varieties of rice production were measured.
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This tool was then applied to empirical measurements in three rice cultivation districts of Bangladesh for
a single year to capture multidimensional aspects of environmental features at a farm level. To calculate
the CEII, three categories of environmental impacts were included: means-based, effect-based,
and perception-based. Moreover, a total of 17 environmental impacts were incorporated to quantify
these groups and measure the extent of environmental degradation. Results showed that intensive
agricultural practices caused environmental damage and major policies regarding this type of farming
are needed in order to regulate these activities.

Santiago-Brown et al. presented a list of indicators proposed by 83 top-level executives from
wine-grape growing organisations from New World wine-producing countries [15]. This list of
indicators was grouped into three categories ranked by their importance for assessing sustainability in
a representative and viable way to maintain comparability between farms and support management
decision-making. Among the selected indicators, we encounter soil health and quality, as well as
biodiversity, chemical inputs, water use, yield, productivity, and aesthetics. After analysing the results,
the research highlighted that environmental components typically dominate the literature, instead of
pursuing a balance between environmental, social, and economic components and trade-offs.

Todorovic et al. presented a methodological framework for the eco-efficiency assessment of water
systems in Southern Italy [16]. In this case, the methodology was applied to a 28.17 ha irrigation
scheme to evaluate both the economic and the environmental performance at different stages, and for
the different stakeholders of the value chain. This approach aimed to achieve a quantitative assessment
of the eco-efficiency level. Their analysis showed that the major burden was freshwater resource
depletion, as well as climate change and the excessive application of fertilisers, highlighting that
innovative technologies and management practices are needed to address the impact of such situations.

Saladini et al. presented a monitoring tool developed under the Partnership for Research
and Innovation in the Mediterranean Area (PRIMA) based on food security and sustainable water
management [17]. In this case, researchers used 12 indicators to monitor the Mediterranean area in
terms of poverty index, population overweight, land use, cereal yield, fertiliser consumption, and crop
water productivity, among others. International bodies collected datasets for these indicators with the
aim of tracking the impact generated by PRIMA research and innovation projects. The data collected
for each country was normalised to obtain a comprehensive value to indicate the sustainability value of
the different regions within the Mediterranean area. This allowed researchers to have a better insight
into food production and sustainability of these countries rather than comparing the performance of
the established rankings.

After an in-depth analysis of the aforementioned experiences from other authors, we can conclude
that the need for new indicators and the evaluation of qualitative variables is essential. Moreover,
the development of indicators to identify the impact of farming practices on water efficiency and the
sustainability of farming systems at orchard level, based on benchmarking principles, is required to
improve cultural practices. Thus, we will be able to identify the best procedures, in terms of irrigation
and plot management, and provide the appropriate tools to the farmers to increase the sustainability of
farming systems are a regional scale.

3. Materials and Methods

In this section, we detail the proposed indicators, the origins of the information that forms
our database, and the explanatory variables taken into account to assess the variability of the
results obtained.

3.1. Proposed Indicators

Five indicators are proposed to evaluate three key aspects of citrus farming: (1) the service delivery
performance, (2) the productive efficiency, and (3) the economic efficiency.

As for the service delivery performance, we followed Malano and Burton [14] definitions for the
Annual Relative Water Supply (RWS) described in Equation (1), and the Annual Relative Irrigation
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Supply (RIS) described in Equation (2). Note that these indicators are dimensionless, thus they have
no units (nu).

RWS (nu) =
Total annual volume of a water supply

Total annual volume of Evapotranspiration of crop
=
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Total annual volume of irrigation supply
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where:
I is the total annual volume of irrigation supplied to the crop, in L/m2,
Pe is the total annual volume of effective precipitation, in L/m2, and
ETc is the total annual volume of crop evapotranspiration, in L/m2.
Service delivery performance indicators are dimensionless numbers and have a minimum value

of 0 and no maximum value. RWS is conceptually related to the crop’s productive potential. Values of
RWS indicator equal or above 1 mean that the orchards are receiving enough or more than the required
water, from all sources, to meet the crop’s evapotranspiration. Thus, no yield reductions are presumed,
and the crop is expected to attain its full productive potential. Values below 1 indicate that orchards are
receiving less water than required and some yield reductions are to be expected. RIS is more related to
how well the irrigation supply matches the crop’s irrigation requirements. In this case, values slightly
above 1 are expected since values below 1 indicate deficit irrigation.

The indicators related to the productive efficiency evaluate the crop’s performance in terms of
produced fruit per applied irrigation. This indicator is a modification of the indicators proposed in [14]
to allow a comparison between different varieties in terms of productivity. The indicators proposed
in [14] are based on the economic benefit linked to productivity. Nonetheless, as in this study different
species and varieties with different prices in the market are considered, the efficiency of productivity
must be compared using the total productivity (TP) in (kg/m2). The TP is compared with the data
of irrigation (m3/m2) in the overall efficiency of the irrigated crop (WUEOverall), see Equation (3).
In addition, a second version, in which only the production of optimal grade (OGP) is considered,
has been proposed in Equation (4). This indicator is named optimal quality efficiency of the irrigated
crop (WUEQuality) and is equivalent to the indicator proposed by Knox et al. in [15] to evaluate the
irrigation efficiency.
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The last proposed indicator assesses the economic efficiency (EE) of the irrigation. It is also a
modification of the indicators proposed in [14]. In this case, we compare the output per irrigation
delivery cost. With this indicator, we evaluate the total annual gross income (TI) due to the fruit
sales and the costs of irrigation water (IC). The resulting indicator is a dimensionless number. Thus,
with this indicator, we can compare the economic impact of the differences in water management. It is
important to note that this indicator is affected by the different prices of included varieties of fruits.
The indicator is defined in the following Equation (5).

EE =
Total annual gross incomes

Total annual cos t of irrigation water
=

TI (€)
IC (€)

(5)
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3.2. Sources of Information

The data was obtained from a local irrigation community and a cooperative of farmers from a
municipality of Valencia’s province, in the East of Spain. This area has a long tradition of growing several
citrus species. The irrigation community water distribution network is an on-demand pressurized
one, and all the orchards are drip irrigated, which allows a more precise irrigation dosing and timing.
At harvest, the cooperative receives the fruits of each orchard, to sort and package the fruits for the
wholesalers. The prices finally received by the farmers are an average and depend on the fruit grades
obtained by the farmer and the final settlement at the wholesaler. The irrigation community shared
data about annual water consumption of each orchard and the cooperative gave us information about
the fruit grade and yield. The variables included in the database are detailed in the next section.

Agricultural know-how is a precious knowledge obtained with personal effort and after a
years-long practice. Thus, farmers are not willing to easily share this sensitive information, which is
why both associations allowed the use of shared information for research purposes but keeping the
confidentiality of information. As confidentiality must be preserved, the exact location of the orchards
is not included. Among all the included crops in the database, we have included only two types of
citrus, the most common ones, oranges, and tangerines. Varieties cropped in only one or two orchards
were included in the general description of the studied area but removed from the final analyses due
to representativeness matters.

Since not all the farmers that belong to the irrigation community operate in the same cooperative,
the number of orchards included in the study is lower than the number of orchards that belong to the
irrigation community and the cooperative of farmers. Moreover, the total number of included orchards
varies depending on the year, since farmers can join or leave the cooperative, but also due to changes
in the crops, changes of crop types or even changes of tree status. In the database, tree status are
identified as: young, mature, and grafted. Due to the different requirements in terms of irrigation and
differences in productivity, the data of young and grafted trees is not included in the in-depth analyses.
Both associations agreed to share the data belonging to the period from 2013 to 2017. Therefore, data of
five years is used in this paper to compare the proposed indicators and to have a general overview of
the evolution in water efficiency of the orchards included in the database.

3.3. Variables Included in the Database

As mentioned before, two sources of information provided data about irrigation and production
of the orchards. Now, we are going to detail the included variables, see Table 1.

Table 1. Included variables.

Variable Units/Categories Source

Type of farmer P/NP Cooperative of farmers
Type of species Tangerines/Oranges Cooperative of farmers

Type of variety

Clemensoon (1)
Nadorcott (6)
Oronules (9)
Lane Late (102)
Navel Powell (103)
Navelina (104)

Cooperative of farmers

Type of tree status Young/Graphted/Adult Cooperative of farmers
Type of size of the orchard Small/Medum/Large Cooperative of farmers
Size of orchard (m2) Cooperative of farmers
Total production (kg) Cooperative of farmers
Production: big grade (kg) Cooperative of farmers
Production: optimal grade (kg) Cooperative of farmers
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Table 1. Cont.

Variable Units/Categories Source

Production: small grade (kg) Cooperative of farmers
Production: low grade (kg) Cooperative of farmers
Mean price (€/kg) Cooperative of farmers
Income (€) Cooperative of farmers
Total production (kg/m2) Cooperative of farmers
Irrigation (m3/year) Irrigation community
Expenditure in regular irrigation (€/m3 by year) Irrigation community
Expenditure on extra irrigation (€/m3 by year) Irrigation community
Expenditure in total irrigation (€/m3 by year) Irrigation community
Irrigation (l/m2 and year) Irrigation community
Type of extra irrigation Yes/No Irrigation community
Effective Precipitation (Pe) (mm/year) Obtained from SIAR
Net Irrigation Requirement (IRn) (mm/year) Obtained from SIAR
Evapotranspiration of the crop (ETc) (mm/year) Obtained from SIAR

The irrigation community shared information about water use for irrigation, the price of water
and the expenditure of each orchard. It is important to note that, although the water concession of
the irrigation community exceeds their requirements in specific periods of the year, farmers have a
limitation of water resources. If a farmer uses more water than the prescribed one, this is considered as
extra irrigation, and the price of this water is increased. This is particularly critical in summer when
the amount of available water is reduced, and the requirements in some of the orchards increase.

Regarding the cooperative, data about the orchards including the orchard size, type of farmer,
cropped species and variety, and tree status is included. Some of those variables have no units
(nu) since they are categorical variables. For example, the type of farmer can be professional (P) or
non-professional (NP). Cooperative considers professional farmers those working full time or almost
full time in their farms, and NP those working part-time and retirees. Nowadays, one of the main
problems of the agricultural sector in the Valencia region is the progressive land abandonment that
has brought an 11% decrease in the irrigated cropped area in the last 10 years. This tendency is due
to former farmers, or sons or farmers, finding jobs in more profitable sectors while maintaining the
agricultural production for sentimental or family reasons. Non-professional farmers correspond to
people willing to keep a farming tradition but without a full-time dedication to farming activities,
or the skills gained by professional farmers, and without the need to make real maximum profit of
the orchards. The species included are tangerines and oranges, classified as specie 1 (tangerines) and
species 2 (oranges) in the figures. The varieties are codified as numbers to simplify the graphics.
The tree status can be young, adult or grafted. Information about the production of each orchard,
such as total production, and the production of different grades, is included. Finally, some financial data,
such as mean price and income, is provided for each orchard. In addition to the shared information,
some secondary variables are calculated based on shared data. This secondary data is mainly used to
allow the comparison between orchards regardless of their size.

Finally, according to the location of the orchards, the data of evapotranspiration of the crop
(ETc), and the effective precipitation (Pe) corresponding to the analysed years was calculated with
meteorological data of a nearby agrometeorological station. Citrus crop coefficients (Kc) were adjusted
for canopy shaded area attending to the three tree developmental stages considered. Net Irrigation
Requirement (IRn) was then calculated according to the following Equation (6):

IRn
( L

m2

)
= ETc

( L
m2

)
− Pe

( L
m2

)
(6)

To do so, we used the CROPWAT 8.0 Bèta program (Land and Water Development Division of
FAO, Roma (Italy)) [18], applying the procedures described by the Land and Water Development
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Division of FAO [19]. Climatic data was obtained from the “Sistema de Información Agroclimática
para el Regadío (SIAR)” [20] database, using daily summaries from the closest weather station located
within the cooperative district. The greatest distance between the meteorological station and study
orchards was 15 km.

It is important to clarify that all the included data related to production and applied irrigation is
based on real measurements performed by the cooperative of farmers and the irrigation community.
The only data used in this paper that is calculated is the ETc, and Pe. Therefore, our analyses and results
will be based on the real characteristics and the behaviour of farmers of the studied area. Since the
collection of this sort data is onerous, the fact of including real data of these variables for their analyses
and the calculation of indicators in one of the major strengths of this paper.

Finally, we need to consider that, although there will be an error in the calculation of ETc,
Pe and IRn, due to the distance between the meteorological station and the location of the orchard,
this error does not affect the irrigation practices. Moreover, this lack of accuracy is well-known, and it
was pointed out by several authors [21–23]. In discussion section we will analyse the effect of this error
in our indicators. Currently, the farmers are not using this type of calculations to adjust the irrigation.
Therefore, the possible lack of accuracy in the calculation would only affect the results of indicators
that include these variables, and not to the real data included in our study. The farmers are irrigating
based on their experience. The irrigation system of the irrigation community allows them to carry
out on-demand irrigation. The system is always ready for irrigation having enough water available
and with the required pressure to operate. Therefore, the water consumption of each farmer has no
effect on the water availability of other farmers. Only in specific periods of the year, the water demand
increases and, in order to avoid that demand exceeds the availability, the price of water is increased to
ensure a homogeneous and fair water availability.

3.4. Methodology for Data Analyses

In order to ensure that all the relevant qualitative aspects are included, and their effect on the most
relevant variables (such as productivity or irrigation), as well as the indicators, are correctly studied
we implemented the following methodology.

First of all, a general description of the studied area is performed, analysing summations, means,
standard deviations, minimum, and maximum values. In this general analysis, the number of included
orchards in the database per year is described. Furthermore, the number of orchards that fit with
our requirements to be included in further analyses are identified. Since one of the objectives of this
study is to evaluate the differences in water management of P farmers and NP farmers, the number
of orchards managed by each type of farmer per year is included. Some critical variables such as
ETc, Pe, and IRn are jointly analysed to evaluate their variation in the included years. Following,
the productivity (kg/m2) and irrigation (l/m2) are compared to determine if there are general patterns
which can be identified. To finish this general description, the evolution of selected varieties along the
included period is carried out.

Then, the variance of irrigation and productivity of orchards are evaluated for the included
quantitative and qualitative variables. For each variable, the following factors are considered: year,
variety, type of farmer, and type of orchard (according to its size). To analyze the variance multifactorial
ANOVAs are used. For those factors that affect the variance of the evaluated variable, Box Plots are
be included.

Following, we deal with the proposed indicators from two different perspectives. First, a general
description of the results of each indicator and its evolution is shown. Then multifactorial ANOVAs
are presented, including the aforementioned factors and the type of extra irrigation. As in the
previous case, box plots are used to interpret the data. Finally, for the factor with more relevant
effects variance coefficient analyses are presented. The objective of this analysis is to evaluate the best
indicator of the proposed ones attending to its capability to differentiate the orchards according to
their irrigation efficiency.
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To finish our study, an artificial neural network (ANN) is used to predict the expected values
in the most relevant indicator with the most appropriate variables. In this case, we will present the
used neural network, the percentage of correct classification and the classification graphic. For all the
aforementioned analyses, the Statgraphics Centurion XVI software (Statgraphics Technologies, Inc.,
The Plains, VA, United States) is used [24].

4. Results

In this section, we analyze the results from the general analyses of the included orchards,
the evaluation of indicators and the potential use of ANN with the indicators.

4.1. General Analysis of Characteristics of Included Orchards in the Database

In this subsection, we detail the general description of the most relevant variables of the database.
The objective is to show the main characteristics of the studied area between 2013 and 2017.

First, the number of included orchards per each year is detailed in Figure 1. We can identify
three group of orchards, the total number of orchards, the orchards with trees classified as mature,
and the orchards with trees classified as mature and from the selected varieties. As established before,
we are going to focus on the most extended varieties. The number of orchards in the database increases
year by year along all the period. Starting in 2013 with 82 orchards (total) and 53 orchards with the
selected varieties and mature trees. In 2017, the number of orchards increased to 96 (total) and 61
(with the selected varieties and mature trees). The total number of registered cases in our database is
454; however, in this study, only 287 orchards fulfil the required characteristics and are included in
further analyses.
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Figure 1. Evolution of the number of orchards included in the database.

One of the variables that will be included in all our analyses is the type of farmer. Therefore,
its evolution in critical. The number of P farmers increases from 33 to 40, while the number of NP
farmers is almost constant along the study (see Figure 2). In 2013, 2014, and 2017 we have information
about 21 NP farmers; while, in 2015 and 2016, we have information about 20 NP farmers. One of the
objectives of this study is to evaluate whether there are differences in the water management of P and
NP farmers due to the different farming practices of the cropped varieties.
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Figure 2. Evolution of the number of P and NP farmer included in the database.

The included orchards of this study have all a drip irrigation system, which is the most common
system for citrus cultivation. Nonetheless, the fertigation, including fertiliser type and concentration,
depends on each farmer and no information about it is included among the shared information.
As specified in the previous section, the included orchards are a clear example of the citrus industry of
the Valencia Region, and are characterized by their small size. With regard to the included orchards,
we can find a wide distribution of extension, being the orchard mean size of 0.73 ha, the median of
the included orchards is 0.60 ha. The biggest and smallest orchards have an extension of 1.75 ha and
0.19 ha. Therefore, we can consider that, in general terms, the orchards included in this study have a
small size.

As described in Section 3.2, the ETc, Pe and IRn were calculated. The results can be seen in Figure 3.
Along the studied period, we can identify that the IRn was higher in 2014 and 2017 (576 L/m2 and
625 L/m2) and smaller in 2015 (412 L/m2). In 2013 and 2016 the value of IRn was 508 L/m2 and 516 L/m2.
Thus, we can identify differences in the irrigation requirements among the studied period. For this
reason, the variable “year” must be evaluated as a factor of variance in further analyses. The changes
in IRn are caused mainly by changes in the ETc. The Pe is maintained almost constant in all the period,
except in 2015, in which it increases 27% with regards to the average value.
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Figure 3. Changes on ETc, Pe and IRn along the studied period in the area.

In this paragraph, we are going to deal with the production and the applied irrigation in the
different years, see Tables 2 and 3. The average productivity of the included orchards (mature trees
and selected varieties), shown in Table 2, changes annually. The years with higher productivity are
2013, 2015, and 2017. The maximum productivity in a single orchard is 6.76 kg/m2 in 2013, while the
minimum productivity was found in 2015 with 0.18 kg/m2. Thus, we can assert that significant
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differences can be found in the production of the included orchards. In further analyses, we will
evaluate the factors that affect the variance of productivity. Although there are differences between
the included years, no clear tendency can be observed with the available data. On the other hand,
the data of applied irrigation (see Table 3) shows a clear pattern; the irrigation increases year by year.
From 2013 to 2017, the amount of applied irrigation has increased in 87.27 L/m2, which represents a
growth of 44.2% in only five years. The lowest individual irrigation is found in 2013 with 29 L/m2,
whilst in 2016, one of the included orchards has an irrigation of 1041 L/m2.

Table 2. Summary of production in kg/m2 of the orchards with the selected varieties.

Year 2013 2014 2015 2016 2017

Mean 2.59 1.95 2.53 1.87 2.27
Standard deviation 1.53 1.13 1.48 1.03 1.32

Minimum 0.35 0.24 0.18 0.24 0.44
Maximum 6.76 5.40 6.08 4.59 5.72

Range 6.41 5.16 5.90 4.35 5.28

Table 3. Summary of consumed water for irrigation (L/m2) of the orchards with the selected varieties.

Year 2013 2014 2015 2016 2017

Mean 197.50 228.13 259.10 282.99 284.77
Standard deviation 120.24 110.58 142.69 456.76 148.72

Minimum 29 52 49 49 65
Maximum 571 552 725 1041 658

Range 542 500 676 992 593

Regarding productivity, the higher average value in kg/m2 was found in 2013 with 2.59 kg/m2;
nonetheless, it must be remarked that 2013 was the year with lowest annual irrigation (197.50 L/m2).
However, according to this general analysis, the observed tendency of constant increase of the applied
irrigation does not have any effect on the production. The increase of water consumption is neither
explained by a reduction of Pe nor an increase of ETc. With this general analysis, we can only affirm
that the general increase of water use is not justified by an increase of productivity nor a change in the
environmental conditions and, therefore, we deal with this fact in following sections.

Another factor that can explain the changes in the water use patterns is the change in the
cropped species and varieties. Since different species, or even varieties, might have different irrigation
requirements, it is essential to evaluate the changes in cropped varieties and study their requirements.
To facilitate the graphical representation, we classified the two species of citrus as specie 1 (tangerines)
and specie 2 (oranges) and coded the varieties as numbers. From each species, several varieties
are cropped in the included orchards. For tangerines, a total of 11 different varieties are found.
Nevertheless, only three of them have enough representation to be used in this study (classified as
varieties 1, 6 and 9). Concerning oranges, only four varieties are cropped. In this case, the varieties
are named as 101 to 104 to distinguish them from the varieties of tangerines. Only three varieties
are included in this study (classified as 102, 103, and 104). The exact varieties included in this study,
and their codification, are detailed in Figure 4a–e denote the data from different years.

In Figure 4, we can identify the changes in the number of orchards for each of the varieties
considered in the study, expressed as a percentage of the total number of orchards. As previously
stated in Section 3.1, the number of studied orchards varies along the years because only mature
orchards are considered and in this time span some reached full production and were incorporated
in the study while others were uprooted and discarded from the study. At the beginning of the data
collection, in 2013 (Figure 4a), the major crop was the oranges, particularly the variety 104 (Navelina),
representing up to 67% of the crops in the number of orchards. Oranges were cropped in up to 3

4 of
the orchards. In the following years, the cropped species and varieties varied. Oranges represent
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75.93% (Figure 4b), 66.09% (Figure 4c), 60% (Figure 4d), and 49.18% (Figure 4e) in the following
years. On the other side, the cropping of tangerines has been extended. At the end of the study
(Figure 4e), the major crop was the tangerine, with similar percentages of varieties 1 (Clemensoon) and
6 (Navel Powell). Therefore, we observed a tendency in the changes of cropping species, which can be
a feasible explanation of the increasing pattern in the applied irrigation.Agronomy 2020, 10, x FOR PEER REVIEW 12 of 30 
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4.2. Analysis of Productivity and Applied Irrigation of Selected Varieties

In this section, we focus on the analysis of the productivity and applied irrigation of orchards
and their variance. It is essential to analyze the trends on productivity and applied irrigation, as well
as the effect of individual factors, before analyzing the indicators. The main reason to include these
analyses is the need to characterize the processes, deficiencies, and interactions with the factors in
the citrus cultivation. Otherwise, some of the effects which will be detected in the indicators can be
difficult to interpret or understand. First, the results of the multifactorial ANOVA are presented. Next,
the different factors are analyzed with box plots.

The results of multifactorial ANOVA in terms of the p-value for each included factor (year, variety,
type of size of the orchard and type of farmer) and the obtained groups with the multiple range test are
summarized in Table 4. To form the groups in the multiple range tests we selected the least significance
difference (LSD). The factors that, according to the multifactorial ANOVA, have a statistical effect on
the productivity of the orchards are year, variety and type of farmer. The type of size of the orchard was
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the only variable that does not affect productivity. In the case of applied irrigation, all the evaluated
factors have a statistical effect on the irrigation of the orchards. However, since the groups created for
the type of size of the orchard do not follow any trend, this factor is not analyzed. This effect can be
caused by the presence of outlier or abnormal data in some of the groups due to the reduced number
of orchards with big size. Box plots for the included factors and both variables are summarized in
Figure 5. The variety and the type of farmer are the factors with higher significance according to their
p-values.

Table 4. Summary of variance in the productivity and applied irrigation of the studied orchards.

Productivity Applied Irrigation

Factor p-Value Number of Groups 1 p-Value Number of Groups 1

Year 0.0018 2 (2013 b, 2014 a, 2015 b, 2016 a, and 2017 ab) 0.0028 3 (2013 a, 2014 ab, 2015 bc, 2016 c, and 2017 c)
Variety 0.0000 2 (103 a, 9 a,1 a, 104 b, 102 b, 6 b) 0.0000 4 (102 ab, 103 ab,104 a, 1 bc, 9 cd, and 6 d)

Orchard size 0.7981 - 0.0024 2 (0 b, 1 a, and 2 b)
Type of farmer 0.0000 2 (NP a and P b) 0.0000 2 (NP a and P b)

1 Means followed by a different letter are significantly different at an alpha level of 0.05 according to an LSD test.
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Regarding Figure 5, the different years, which have different IRns, have shaped different
productivity and a variable amount of applied irrigation. The productivities of 2014, 2016, and 2017
belong to the same group and are the years with lower productivity. On the other hand, 2013, 2015,
and 2017 belong to the group with the highest productivity. It should be noted that, according to
Figure 3, 2013 and 2016 have similar IRn values; but, according to the ANOVA, their productivity was
different. Therefore, although the period (year) affects productivity, this effect is not linked to different
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IRn. Therefore, we can affirm that other environmental parameters, such as the temperature, must be
considered to explain the productivity, including data from average temperature or growing degree
days. Concerning the effect of the different years on the applied irrigation, we can see that the amount
of irrigation applied to the orchards increases year by year. This effect was already pointed out in the
analyses of Table 3, in which we consider only the mean, maximum and minimum values. According to
the created groups, 2013 and 2014 are the groups classified with the lowest irrigation. The group with
mean irrigation is formed by 2014 and 2015. Finally, 2015, 2016 and 2017 correspond to the group
with the highest irrigation. We can claim that there is another factor which is affecting to the applied
irrigation and it is causing this continuous increase. We are going to analyse the results of indicators
along the studied period before drawing some possible explanations in the discussion section.

The effect of the different varieties (and species) can be seen in Figure 5. Differences in production
and applied irrigation are found between varieties. Varieties 103, 1, and 9 have similar productivity
and belong to the group with the lowest productivity. Average productivities of varieties are 0.85, 1.11,
and 1.13 kg/m2 for varieties 103, 9, and 1. Varieties 104, 102, and 6 belong to the group with the highest
productivity, with a mean value 2.26, 2.46, and 2.56 kg/m2. With regards to the applied irrigation,
we can identify differences between both species: oranges are less irrigated than tangerines. However,
among the different oranges, all the varieties have similar behaviours (all of them belong to the group
with the lowest irrigation). The varieties of tangerine have different irrigation patterns. Varieties 6
and 9 are placed in the group with the highest irrigation. Varieties 102, 103 and 104 have received a
mean irrigation value of 192.93, 202.07, and 217.66 L/m2, whereas varieties 1, 6, and 9 have received an
average value of 272.21, 352.96, and 329.83 L/m2.

The last factor that affects productivity is the type of farmer, see Figure 5. The P farmers obtained
higher productivity in their orchards, with an average productivity of 2.10 kg/m2. On the contrary,
the average productivity of NP farmers is 1.35 kg/m2. Thus, in terms of productivity, P farmers obtain
higher productivities than NP farmers, with P farmers obtaining 55% more production than NP farmers.
Concerning the applied irrigation, P farmers are applying higher irrigation than NP farmers, and are
classified as two different groups. In average, P farmers are using 543.76 L/m2 while NP farmers
irrigate with 219 L/m2 in their orchards. Thus, according to the irrigation, P farmers are using a higher
amount of water than NP farmers (147% of water). The comparison of P and NP farmers in terms of
performance and efficacy in the studied area (citrus orchards in the East of Spain) is one of the major
contributions of this paper. At this point, we cannot define which type of farmer is applying the most
efficient irrigation since the increase of productivity is linked to an increase of irrigation. Nonetheless,
to evaluate the water efficiency it is necessary to analyse the indicators, whose results are detailed
in the following subsection. The fact of finding these extreme differences among P farmers and NP
farmers will be analysed in the discussion section.

4.3. Analysis of Proposed Indicators

In this subsection, the proposed indicators are analysed to determine the best indicator of each
type (service delivery performance, productive efficiency, and economic efficiency).

4.3.1. Evolution of Values for Each Indicator

As in previous subsections, a general overview of the included variables (indicators, in this case),
is presented, see Table 5. First, we evaluate service delivery performance. In both versions, the indicator
should have values close to 1 when the orchards are correctly irrigated (according to ETc and IRn).
Nonetheless, we can identify that for both indicators, the mean values are below the expected value.
According to the maximum and minimum values, we can identify some orchards, particularly in 2015
and 2016, that are applying excessive irrigation, reaching values of 1.8 or 2 in the RIS. In opposition to
the irrigation case, see Table 3, no trend is observed in the included years for the indicator based on
irrigation. This can be explained by the low IRn of 2015 and the high IRn of 2017, and more data will
be necessary to achieve more accurate results. With the included data, it is clear that RIS can clearly
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identify the orchards that consume more water than the recommended one and has a higher range and
standard deviation in the analysed data.

Table 5. Summary of consumed water for irrigation (L/m2) of the orchards with the selected varieties.

Indicator Year 2013 2014 2015 2016 2017

RWS
(n u)

Mean 0.28 0.31 0.42 0.40 0.39
Standard deviation 0.18 0.15 0.23 0.23 0.20

Minimum 0 0.1 0.1 0.1 0.1
Maximum 0.8 0.7 1.2 1.5 0.9

Range 0.8 0.6 1.1 1.4 0.8

RIS
(n u)

Mean 0.38 0.40 0.62 0.55 0.48
Standard deviation 0.23 0.20 0.35 0.31 0.25

Minimum 0.1 0.1 0.1 0.1 0.1
Maximum 1.1 1 1.8 2 1.1

Range 1 0.9 1.7 1.9 0.1

WUEOverall
(kg/m3)

Mean 19 10 11 8 10
Standard deviation 18 8 10 6 7

Minimum 0.2 0.2 0.1 0.6 0.4
Maximum 90 40 50 35 35

Range 90 40 50 35 35

WUEQuality

(kg/m3)

Mean 15 3 8 2 4
Standard deviation 13 5 9 4 6

Minimum 0 0 0 0 0
Maximum 70 20 50 20 30

Range 70 20 50 20 30

EE
(n u)

Mean 18 5 14 9 10
Standard deviation 20 7 15 14 8

Minimum 0 0 0 0 0
Maximum 90 20 80 80 30

Range 90 20 80 80 30

Regarding productive efficiency, again, no clear tendency is observed along the studied period.
The year with the highest productivity is 2013. As detailed in the analyses of Tables 2 and 3, it is
remarkable that the year with the highest water productivity (for both indicators) is the year with the
lowest values of the irrigation indicators. Comparing both versions, we can find higher differences
in the WUEOverall. However, both indicators are complementary and can be used depending on the
available data and the desired results.

Finally, EE is analyzed to evaluate the economic efficiency. In general terms, no significant
behaviour can be identified. Nonetheless, when this indicator is compared with WUEOverall and
WUEQuality, a trend can be identified. The first year, with a total production of 19 kg/m3, the economic
indicator is 18 € per € of water expenditure. The relation between both indicators is almost 1-1
(WUEOverall – EE), being 2014 the year with the lowest relation between both indicators. Since the
irrigation cost (denominator) is increasing, the most probable cause for the increase of income
(numerator), when comparing both indicators and considering that the productivity is not increasing,
is the change in the cropped varieties due to their higher economic value. For a single irrigation
community, it is not so important to have a scale to classify the performance, but it is possibly better to
have a benchmarking of its own indicators along time to tell if the overall management is improving
or deteriorating.

4.3.2. Effect of Different Factors on Indicators

After analysing the changes in the trends of indicators and their relationship, now we evaluate
the effects of different factors on the indicators. In this case, we include five factors (year, variety,
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type of size of the orchard, extra irrigation, and type of farmer). Extra irrigation is a new factor related
to the limitations imposed by the irrigation community to farmers. Due to the concession, a maximum
amount of irrigation is allowed for each orchard. However, farmers can exceed this limitation and pay
an extra price for this water. We include this factor in the analyses of indicators to appraise the effect of
the productive efficiency indicators, and the extra cost in EE. The effects of the mentioned factors are
summarised in Table 6 and Figures 6–8.

Table 6. Summary of p-values of variance analyses in the productivity of the studied area.

Factor RWS RIS WUEOverall WUEQuality EE

Year 0.0000 0.0000 0.0000 0.0000 0.0000
Variety 0.0002 0.0001 0.0037 0.0747 0.0000

Orchard size 0.0164 0.8211 0.1783 0.2645 0.8484
Extra irrigation 0.0000 0.0442 0.0107 0.0221 0.0000
Type of farmer 0.0004 0.0880 0.2514 0.2569 0.5906Agronomy 2020, 10, x FOR PEER REVIEW 17 of 30 
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0: No and 1: Yes.

For the first version of the service delivery performance indicator, all the evaluated parameters
have a p-value lower than 0.05 and are statistically significant. However, as said in previous sections,
the effect of the orchard size is not apparent in the graphics and is not included. The rest of the factors
are included in Figure 6. For the second version of the first indicator, the orchard size and the type of
farmer are not representative. Nonetheless, we are going to compare both indicators in Figure 6 even
though the type of farmer does not affect one of the versions. The effect of different years is analyzed in
the previous subsection according to the multiple range tests with LSD intervals, where two groups are
found for RIS. The first group has the lower indicator values, and it is formed by 2013, 2014 and 2017;
whereas, the second group, composed of 2015 and 2016, presents higher indicator values. RIS and the
results of multiple range test are the same.
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Regarding the effect of varieties, for RWS, two groups can be distinguished. The first group is
composed of varieties 1, 102, 103, and 104, and have the lowest values. The second group is formed by
varieties 6 and 9. Results for RIS are slightly different and three groups can be identified. Varieties 104
and 102 belong to the group with lower values. The second group is composed of varieties 1, 9,
102 and 103. Finally, the last group, with the higher values in RIS is formed by varieties 1, 6, 9, and 103.
Concerning the extra irrigation, both indicators offer the same values and two groups can be set apart
(being the group composed by extra irrigation, the one with best results). For the type of farmer,
only the RWS produced two groups. The group composed of P farmers is the group with the lowest
values of the service delivery performance indicators. Therefore, as identified before, the second
version of the first indicator offers a more accurate separation of scenarios and has a higher potential to
evaluate the service delivery performance.

Regarding the productive efficiency indicator, only three factors are statistically significant for
WUEOverall (year, variety, and extra irrigation). The number of significant factors is reduced to two,
year and variety, for the WUEQuality indicator. In Figure 7, we have included the three factors for
both productive efficiency indicators to allow a comparison. For WUEOverall, two groups can be
distinguished for the year factor. The group with higher productive efficiency is composed by only one
year, 2013. The rest of the years have similar productivity. Yet, for WUEQuality the years are classified
into three groups, being the best group (the one with the highest productive efficiency) the one formed
by 2013. The second group, in terms of productive efficiency, is formed by 2015. The rest of the years
are classified in the group with the lowest productive efficiency.

Concerning the varieties, the results for WUEOverall point out the creation of three groups.
The group with the highest productive efficiency is composed of varieties 102, 104, and 6. Finally,
for the extra irrigation, the results are the same for both versions of the indicator. There are two groups,
and in the orchards with extra irrigation, the productive efficiency in terms of kg/m3 decreases. It is
important to note that in the case of WUEQuality, in some cases, after applying the LSD intervals the
lower part of interval might appear as a negative value due to the high variability of data and the fact
that a considerable number of orchards have 0 kg of optimal grade.

Finally, the economic efficiency indicator, EE, is analysed (see Figure 8). In this case, the results of
multifactorial ANOVA indicate that three factors have a significant effect on the indicator (year, variety,
and extra irrigation). The effect of the different years was discussed in the previous subsection,
and according to the multiple range test and the LSD intervals, five different groups are formed.
Regarding the varieties, we can identify three different groups. The group with the lowest economic
efficiency is composed of 9, 102, 103, and 104. To finish this analysis, the extra irrigation factor has
formed two groups. The orchards that received extra irrigation are classified in the group with the
lowest values for this indicator.

4.3.3. Effect of Combined Factors on Indicators

For this analysis, we have selected the following indicators RWS, WUEOverall, and EE. The reason for
using these indicators is that, for those indicators, the effect of the selected factors is higher. The analysed
factors are the variety, extra irrigation, and type of farmers. We have selected these variables since they
are the ones for which the extracted information can be converted into recommendations to farmers.

In Figure 9, we can visualise the combined effect of variety and extra irrigation, on the left column,
as well as the effect of variety and type of farmer, on the right column, for all five indicators. In each
graph of Figure 9, the blue horizontal line specifies the average value of the indicator for each variety
and the red vertical lines show the deviations of the average for applying or not excess irrigation,
on the left column, and the deviations of the average for professional or non-professional farmers,
as specified in the second X-axis. First, we are going to analyse the effect of extra irrigation. As stated
before, the effect of extra irrigation increases the value of RWS. This effect can be seen in four out of
six varieties (varieties 1, 6, 9, and 104). For varieties 102 and 103, this effect is not visible since no
farmer that crops these varieties has performed extra irrigation. The positive effect over the service
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delivery efficiency indicator is more evident in Navelina (104) than in the tangerine’s varieties (1, 6,
and 9). Nonetheless, when WUEOverall is analysed, as established before, the effect of extra irrigation
has a negative effect on the value of the productive efficiency indicator. For the four varieties to which
extra irrigation has been applied, the productivity in kg/m3 decreased when comparing the values of
extra irrigated orchards with the rest. The decrease of water productivity is notorious in Navelina,
being reduced from 15 kg/m3 to 5 kg/m3, approximately. The reduction is lower for varieties 1 and 6
and lowers down for Oronules variety (being reduced from 6 kg/m3 to 5 kg/m3, approximately). Finally,
the economic impact of this reduction in productivity together with the increase of extra irrigation
costs have a devastating effect on the economic efficiency indicator. Only one of the varieties increases
the economic indicator when extra irrigation is received, the Oronules (with an increase of 3 € per
invested € in water). For the other three varieties, the extra irrigation decreases this ratio. For variety
Navelina the ratio decreases from 7 to 1, whereas for other varieties the decrease in the ratio is even
higher, from 17 to 8 for Clemensoon and from 30 to 13 in Nadorcott.Agronomy 2020, 10, x FOR PEER REVIEW 21 of 30 
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When we analyze the effect of the type of farmer in the three indicators, no clear tendency is
found. For some varieties, the effect is positive and in others is negative. P farmers obtain better results
in productive efficiency and economic efficiency for Clemensoon and Lane Late than NP farmers.
However, NP farmers reach higher productive efficiency for Nadorcott. Nonetheless, this increase in
productive efficiency is not reflected in the economic efficiency.

4.4. The Use of Indicators in ANN to Establish Recommendations

Finally, we are going to use the indicators in an artificial intelligence system based on ANN,
to establish recommendations on irrigation limitations to avoid water misuse. Since one of the main
objectives of this study was to evaluate the usefulness of different tools for water management in the
agricultural agroecosystems, the AAN is included in this paper. In this section, we test the effectiveness
of ANN to determine thresholds and identify abnormal patterns with the data of indicators. ANN are
widely used in agriculture for yield prediction [25], irrigation management [26,27] and even for
estimating the evapotranspiration [28].

4.4.1. Definition of Selected ANN

ANNs are based on the interconnection of different units (neurons) and are designed to recognize
patterns and predict the expected behavior or output value (indicator) given a certain data or input
values (irrigation data). Thus, we can use this tool to feed it with the data of the indicators obtained in
this paper, to identify threshold values of irrigation to assess farmers.

The ANN used is represented in Figure 10. In this figure, we can see the aspect of the used ANN,
including the number of layers and neurons. It is composed of 2 neurons in the input layer, two hidden
layers and an output layer with ten neurons. The input layer takes as variables the size in m2 and the
received water in L/m2. This is the information provided to the system, which will be used to estimate
the output variable. Since not all the varieties have the same number of observations, the number
of neurons in the hidden layers is detailed below. The hidden neurons perform the operations that
the system uses to estimate the output value, as weighting and summation. As for the output layer,
we selected a performance efficiency indicator, the WUEOverall (kg/m3). We selected as the probability,
proportional to the observed one, an equal cost of error for all the groups, and the use of jack-knifing
to create the influence spheres due to its capability for correcting estimation bias. Those are the
parameters which must be defined to obtain the results of the ANN. Since the WUEOverall has very
different values, we have classified this indicator rounding its value to the closest multiple of two to
optimise the performance of the ANN.
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4.4.2. Results of Selected Artificial Neural Network

In this subsection, we detail the results of the ANN. First, the number of neurons on the hidden
layers, the jack-knifing value, and the % of correct classification are summarized in Table 7. We focus on
Nadorcott for the tangerines and Navelina for oranges, and their overall results (considering the data
of all varieties). The results of the rest of varieties are not presented since the number of observations
in theses varieties are too low to allow the creation of an ANN and a proper analysis of the results.
The % of correct classification was higher in oranges than in tangerines. The lowest values are related
to cases with fewer observations.

Table 7. Summary of ANN outputs for WUEOverall.

Parameters of ANN
Variety

Overall Nadorcott Navelina

Number of neurons in hidden layer I 288 54 159
Number of neurons in hidden layer II 10 10 10

Jack-knifing value (optimized during training) 0.3 0.49 0.5
% of correct classification 39.24 37.18 49.62

The results of the ANN for WUEOverall can be seen in Figure 11. For each case, we can identify the
expected indicator for a combination of orchard size and total received water (left) and the details for
small orchards, which are not visible in the general graphic (right). The color scale is based on the
classification of WUEOverall mentioned before, being the best productivities in terms of water efficiency
the dark green colors.
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Comparing the general results with the results of both varieties (Figure 11a), we can ascertain
that the overall result is highly influenced by the dominant Navelina results. This general result can
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be used just for generalization in the scenario of the included orchards and farming practices form
the database.

With regards to (Figure 11b), results for Nadorcott, we identify that only in a small area of the
graphic (orchard size from 0 to 8000 m2 with little irrigation, almost 0 L/m2) the maximum productive
efficiency, higher than 20 kg/m3, is reached. Nonetheless, this area might represent the influence of an
abnormal case and should not be considered as a general trend.

We will perform a comparison for the view where only two orchards can be found with a
productive efficiency higher than 20 kg/m3. The orchards have 6000 m2 and 7000 m2 and are managed
by a professional farmer. These extreme values of productive efficiency are not reached for two
consecutive years nor orchards. The changes in the irrigation do not explain the observed changes in
productivity since irrigation amounts are similar. Therefore, the most plausible explanation to these
sharp changes in the productive efficiency is the alternate fruit bearing, which has been described
in Nadorcott [29]. Alternate bearing is a tree response to physiological factors that results in cycles
of high yield one year and low yield the following year. In citrus it is caused by lack of flowering
induced by a precedent high-crop year. This way, a lower productivity in alternate years for these two
Nadorcott orchards can be attributed to a lack of flowering and subsequent fruit set and fruit yield,
rather than to the effect of irrigation on crop yield.

Regardless of this, productive efficiency does not increase from 14 kg/m3. These productive
efficiencies are also found in small orchards and low irrigation. Remarkably, no area with very low
or null productivity is found in small orchards and high irrigation. According to the data included
in the database, similar productive efficiencies of Nadorcott can be obtained in small orchards with
extremely different irrigation doses (200 to 4600 L/m2). This would explain the excess of irrigation
since farmers realize that this extra water impacts on the productivity in kg/m2. However, as seen
before, this practice has no positive impact on economic indicators.

Concerning the Naveline (Figure 11c) unlike with Nadorcott, a clear tendency is observed. There is
a threshold of irrigation according to the size of the orchard. In addition, significant areas with high
productive efficiency are identified. The highest productive efficiency (>20 kg/m3) is linked to big
orchards with low irrigation. However, as established before, more information about the farming
practices is needed to better understand this phenomenon in the case of Nadorcott variety. The primary
trend indicates that productive efficiency is higher in orchards of big size and a variable amount
of irrigation. In contrast to Nadorcott, in the case of Naveline the high irrigation in small orchards
has a detrimental effect on productive efficiency. In the smallest orchards, when irrigation exceeds
80 L/m2 the productive efficiency is reduced to 14 kg/m3, and when it exceeds 200·L/m2 it is reduced to
<6 kg/m3. Finally, with irrigation doses of 500–750 L/m3, the productive efficiency is almost null in
kg/m3. However, in terms of kg/m2, productivity increases.

5. Discussion

With the purpose of discriminate between the obtained results and the analysis of main findings
we have separate the content in two sections. In line with the exploratory study aiming at describing
the main drivers that lie behind the obtained irrigation performance indicators, in this section we are
going to summarize the main findings and their implications in the water efficiency of the evaluated
area and identify the bests indicators based on the available data.

5.1. The Confusing Effect of ETc and IRn on the Service Delivery Performance Indicator

One of the first issues we can find when the indicators are analyzed is the sharp difference between
the results in service delivery performance and the rest of indicators. According to the service delivery
performance indicators, it seems that almost all the orchards, even the ones that consume more water
than the prescribed quantity needed to increase the irrigation. In Figure 6, we can identify that those
orchards that have consumed more water than prescribed reach higher values in RWS. This effect is
also found in RIS, although this effect is not so notorious. According to service delivery performance
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indicators, we would expect that those orchards that consume a higher amount of water have higher
water productivity and obtain better scores in the productive efficiency indicators (WUEOverall and
WUEQuality). Nonetheless, for those indicators that consider the quantity of production per applied
water, the orchards that use extra water have the worst values. This means that those orchards require
higher amount of water to produce the same quantity of fruits. Indeed, those orchards that consume
more water have the worst economic efficiency since a higher amount of water productivity does not
compensate for the cost of this excess of water.

Therefore, we must find the reason why almost all the orchards are irrigating with less quantity of
water than the IRn or ETc point out. The most probable reason is that those indexes are calculated
based on the gathered data by the closest meteorological station, which might not be representative
of the climatic conditions of the area where the orchards are located (especially when it comes to the
estimations of effective rainfall since rainfall has a high spatial variability and the FAO method of
calculation is only a sensible estimation). The fact of using data that might not be representative of the
region can generate doubts in farmers, and even push them to irrigate in a wrong way, which could
explain the increase of irrigation. Thus, climatic data for the proper calculation of ETc and IRn must be
obtained from the exact region in which the crops are placed. The problematic of proper ETc calculation
based on FAO indications, due to lack of accurate information, is pointed out by Todorovic et al. [21],
Awal et al. [22] or Tomas-Burguera et al. [23], among others.

In this frame, it is necessary to encourage farmers to locate a meteorological station in the orchards
to gather more accurate data. In addition, the identification of local differences and the deployment
of meteorological stations in specific points will increase the performance of the first indicator.
In this context, the use of new technologies like Wireless Sensor Networks (WSNs), soil moisture
sensors [30], or meteorological stations could help farmers make a more sustainable use of water
resources. Furthermore, remote sensing indexes like RGB indexes or NDVI [31], whose use for efficient
water management is extended, can be useful to ensure proper irrigation management. If remote
sensing is going to be used, the spatial resolution of the selected satellite should be considered.
Based on recommendations of Cammalleri et al. [32] the remote sensing data might not be useful in the
smallest orchards.

5.2. The Motivations behind the Orchards with Extra Irrigation and the General Tendency of Increasing the
Applied Irrigation

The second aspect that must be analyzed is the reason that pushes some farmers to exceed the
prescribed irrigation, the so-called extra irrigation. First, we need to analyze if those orchards are
the same every year. The answer is not; there is only one orchard that was extra irrigated every year
included in this study. The average production of orchards in which we found extra irrigation is
higher (2.92 kg/m2) than the ones that do not (2.16 kg/m2). Nonetheless, as explained in previous
sections, the economic efficiency is not favorable for extra irrigated orchards. The decrease of the
productive efficiency due to an increase in irrigation is also pointed out by Chai et al. [33] in case of
cotton. Similar results were observed in wheat production by Yu et al. [34]. Al-Roussan et al. [35]
conclude that a reduction of 25% on irrigation does not have an impact on the yield of Navel oranges.

Since no effect on productive efficiency, economic efficiency, or annual variations is found, we are
going to evaluate the average irrigation. Two differentiated tendencies can explain the extra irrigation.
The first one, an excess in water consumption due to a temporal event (period of drought), which will
have a small effect on the average water consumption. The second options are due to a constant
excess in water use, in which case the water consumption will be different that orchards without
extra irrigation. The average irrigation of orchards that respect the prescribed quantity of water is
much lower (219 L/m2) than the orchards that applied extra irrigation (543 L/m2). Finally, we want
to determine if the extra irrigation is increasing. Along the five years included in this study we find
orchards with extra irrigation. Nevertheless, the percentage of orchards that extra irrigate is different.
It was minimum in 2014 (1.85%). However, 2014 was not the year with lowest IRn; in fact, it was one of



Agronomy 2020, 10, 1359 24 of 28

the years with higher IRn. The percentage of the orchards that extra irrigate in 2015, the year with
lowers IRn, is 8.47% (a higher percentage than in 2013 and 2014). The number of orchards with extra
irrigation in 2016 and 2017 reached 10% and 23%. Therefore, it seems that there is a phenomenon
that is increasing the extra irrigation and is not linked to the IRn. The last variable that can affect the
increase of extra irrigating orchards is the changes in the copped varieties. According to the specie,
tangerines are extra irrigated in the 20% of orchards included in the database. On the other hand,
orchards with oranges receive extra irrigation only in 5.3% of cases.

About the varieties, varieties with a higher percentage of orchards with extra irrigation are
Nadorcott and Oronules with 26% and 31% of orchards. Whereas Clemensoon and Navelina varieties
only receive extra irrigation in 3.3% and 5.6% of cases. Lane Late and Navel Powell do not receive extra
irrigation in any case. Considering the information represented in Figure 4, Nadorcott and Oronules
varieties are being cropped in more orchards during the last years. Nonetheless, we consider that
this increase is not enough to justify the observed tendency. After discarding all the possible causes
based on the collected data, the most probable reason for this fact is a change in the irrigation pattern
of the farmers. This change in irrigation patterns has probably been caused by the increase of land
productivity when compared in kg/m2 and in the total incomes in orchards with extra irrigation as €/m2.
Since the new cropped varieties have a higher price in the market the farmers are willing to increase
the applied irrigation, notwithstanding the increase in the costs, to maximize the land productivity,
which will report higher benefits. Yet, we have proved that this increase has a negative impact in the
productive effectivity and on economic effectivity, unlike for Oronules. Therefore, it will be necessary
to evaluate other indicators study in detail this trade-off between water efficiency and the economic
benefits of farmers.

5.3. Are the Profesional Farmers More Efficient in Water Management Than Non-Profesional Farmers?

We want to evaluate if the different type of farmers (P and NP) have an impact on the efficiency
in water management. The results of this study pointed out that for some indicators, such as RWS,
professional farmers have a higher score than non-professional farmers. According to Figure 5,
P farmers tend to consume more water and have a higher harvest than NP farmers. Nevertheless,
this different behavior does not have any effect on productive efficiency indicators, WUEOverall and
WUEQuality, nor the economic efficiency, E textsubscriptE. The most probable reason for this increased
water use is the cropped varieties by the P farmers in comparison with the cropped varieties by
NP farmers, see Figure 12. P farmers use to grow the varieties that receive higher irrigation doses,
like Nadorcott and Oronules. According to Figure 12, Nadorcott represents the 26% of orchards in the
P farmers and only 6% of NP farmers. Similar values, but with lower differences, can be found for
Oronules, 3% and 5% for P farmers and NP farmers, respectively. Due to this variety’s distribution,
the P farmers have a higher consumption of water. Besides, Nadorcott is the one related to the
extra irrigation.
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5.4. The Changes in the Varieties and Their Efficiency in the Water Use

As it was analyzed in previous subsections, it has been detected an increase of some varieties.
The varieties with the higher increase, in terms of the number of cropped orchards, are the Clemensoon
(with an increase of 16%), Oronules (8%), and Nadorcott (4%). This increment is based on the
reduction of Navelina, which was the predominant crop in 2013. The observed tendency is since
new varieties have a higher price in the market, and apparently, they report major benefits to the
farmers. Nonetheless, it has been observed in the ANOVA for irrigation that farmers are irrigating
the orchards of tangerines with a higher amount of water than the water used in Navelina. As far as
we are concerned, no other paper has published results of water efficiency for different varieties of
oranges and tangerines. The findings of this paper are linked to the practices of farmers included in
the database and the cropped varieties.

When the farmers of orchards with varieties of tangerine follow the limitations in water used
prescribed by the irrigation community, the EE improves compared with other varieties of oranges
such as Lane Late and Navelina. However, in terms of water efficiency in food production, WUEOverall,
the varieties of orange have better performance than the ones of tangerina.

Besides the water management found in this paper, it is necessary to develop a determination of
crop coefficients for the new varieties to obtain better evaluations of crop efficiency in terms of water
use. In addition, due to the differences in the blossoming, fruit set, development, and maturation, it will
be necessary to have more detailed information about irrigation in specific periods for each variety.

5.5. The Benefits of Including More Information

The analyses were performed based on the information available in the database of two
organizations, the irrigation community and the cooperative of farmers. However, many data
from the orchards (such as type of soil, solar exposure, slope, and wind exposure) and the farming
practices (such as fertigation information, density or number of trees per orchard, use of biostimulants,
the existence of grass coverage, and agricultural work among others) are needed if we want to have
more in-depth analyses. In this study, we found several outliers which could be explained by specific
characteristics of the orchard as the aforementioned ones. Since the objective of benchmarking is to use
the indicators to find the most efficient orchards and share the agricultural practices of these orchards
with the rest to improve the efficiency at the community level, we need to include more variables in
our database.

Some of those variables can be obtained by means of technology, implementing WSN for PA
as described in [36] and remote sensing. Besides the implementation of PA to gather more data,
the collaboration of farmers in sharing data will be needed. Thus, it is essential to involve farmers
in the data gathering process by questionnaires and interviews, to ensure the collection of required
information for future work.

5.6. The Selected Indicators

As established at the begging of Section 4.3, we have presented five indicators, and we expect
to reduce the number of them. According to the analyses presented in this paper and based on the
available information, we can affirm that service delivery performance indicators are not useful since
they can push farmers to over irrigate. Until farmers have more accurate information about IRn based
on their meteorological stations, and crop coefficients for new varieties are obtained, it is better to
avoid the use of those indicators. Once they count with accurate information, it is preferred RIS than
RWS since it is more sensible to extra irrigation.

With regards to the productive efficiency indicator, WUEOverall has offered better results than
WUEQuality. This is because the WUEQuality only considers the optimal grade and the production
of optimal grade has sharp fluctuations. It is greatly affected by the irrigation in specific periods
of the year. Therefore, with the current data, WUEOverall is preferred. Nonetheless, if data about
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the irrigation amount per month and the growing degree days was available, WUEQuality could be
useful to identify the farmer practices that increase the production of optimal grade and the optimal
environmental parameters.

Finally, EE has proved its usefulness in identifying the adverse effects of extra irrigation in 5 out
of 6 varieties. Consequently, this indicator must be implemented in future systems to control the
economic efficiency of water in the farming systems.

6. Conclusions

To conclude, in this paper, we have analyzed the performance of three type of indicators,
some of them with two versions, to evaluate the irrigation efficiency in individual orchards of citrus.
Those indicators are tested with a database of orchards.

The main conclusions in terms of the indicators are that the indicators that consider the service
delivery performance are not recommended due to the problems in obtaining accurate data from ETc

and IRn. The WUEOverall, which evaluates the water efficiency in terms of productive efficiency, and EE

for economic efficiency has been very useful for identifying differences in water efficiency between the
analyzed orchards.

Concerning the evaluated orchards several issues have been discussed. The main ones are
linked to the changes on varieties and the effects on water consumption of new varieties, about the
negative impact of extra irrigation in the economic efficiency, and the increasing irrigation patterns.
Apparently, all these changes, which lead to an increase of irrigation, are linked to the high price of new
varieties of citrus and the efforts of farmers to increase the land productivity in kg/m2. Nonetheless,
the increase in irrigation required to reach these productivities, has a devastating effect on the water
efficiency indicators.

Finally, the WUEOverall has been predicted using ANN in Nadorcott and Naveline given a orchard
size and the water available. The results are promising and can help farmers identify the most
appropriate irrigation for their orchards.

As future work, we need to include more information in our database to adjust some of the
outlier values detected and improve the accuracy of the ANN. Since this is an exploratory initial study,
we plan perform an in-depth analysis of the differences on performance of farmers and identify the
best practices. In addition, we are going to evaluate the proposed indicators using a method based on
relative weights and priority ranking of indicators according to the expert opinions.
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