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Abstract: The aim of this study is to compare three mathematical programing models used for sus-
tainable land and farm management. The sample for the comparison was 219 agricultural holdings
participating as beneficiaries of the measure ‘Modernization of agricultural holdings’ in the Rural De-
velopment Plan at the Region of Central Macedonia in Greece. Using the crop plan of the agricultural
land of these farms the mathematical programming models calculate the optimum solution under
different and conflicting goals. The results of the methodologies of Linear Programming (LP), of
Positive Mathematical Programming (PMP) and Weighted Goal Programming (WGP), are compared
in terms of the proposed agricultural land changes. The sustainability of farms is measured with
the use of eleven economic, social, and environmental indicators. Each model has some unique
advantages and disadvantages that can enable it to be implemented in particular situations. In the
conclusions to this research the characteristics of each model are highlighted.

Keywords: farm management; land management; mathematical programming; positive; linear;
multi-criteria; regional planning

1. Introduction

There are many studies in literature regarding sustainable farm management, although
in most cases it is examined as sustainability of agricultural holdings in relation to the
implementation of various agricultural policies [1]. Additionally, mathematical program-
ming models are frequently used in these kinds of studies as the proper methodological
framework as they may be developed with a minimum amount of data and constraints
in order to match the structure of such models [2–5]. Moreover, mathematical models
increase farm management capabilities [6] and offer optimal solutions to important eco-
nomic issues [7]. The majority of mathematical programming models are used mainly
in combination with other approaches. In addition, Reidsma et al. [3] suggest that the
sustainable farm management “needs to be based on farming systems analysis and in-
tegrated assessment”. By “integrated assessment” they mean an assessment that makes
use of a number of combined mathematical models that are influenced by a number of
different factors [8]. The mathematical programming models have been used in many
studies for assessing the sustainability of farms by measuring several impacts [9–14], for
policy changes [15,16] and other factors [17–20].

On the other hand, sustainable farm management is measured using various sustain-
ability indicators. The literature review highlighted many attempts to record sustainability
indicators. Bell and Morse [21] in their book Sustainability Indicators: Measuring the Im-
measurable answer the problem if it is possible to measure what is difficult to measure. In
their paper Pinar et al. [22] present the evolution of the FEEM (Fondazione Eni Enrico
Mattei) Sustainability Index, a complex content, including 19 different indicators that are
grouped into the three pillars of sustainability—economic, social, and environmental. To
measure the farms’ sustainability many indicators have been developed. Many authors
in various works [23–26] classify the sustainability indicators of agricultural holdings as
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follows: economic indicators (e.g., gross income, gross margin etc.); social indicators (e.g.,
family and foreign work); and environmental indicators (e.g., irrigation water use, use of
nitrate fertilizers). Additionally, Gómez-Limón and Sanchez-Fernandez [27], in their paper,
develop a practical methodology to assess the sustainability of agricultural holdings using
composite indicators. Dantsis et al. [28] in their study combined 21 indicators expressed
in one, in order to evaluate and compare the level of sustainability of agricultural plant
production systems using a proposed methodology at the regional level.

Following the wide use of mathematical programming models for sustainable farm
management, in this paper a comparison is made between different forms of mathematical
programming methods. The comparison of different methodologies is very common in
the literature [29]. In particular, the aim of this research is to compare the results in terms
of economic, social, and environmental impacts, of three widely used mathematical pro-
gramming methodologies: the first is the methodology of Linear Programming (LP) which
is the most common approach of mathematical programming; the second is the Positive
Mathematical Programming (PMP); and finally Multi-criteria Mathematical Programming
solved as Weighted Goal Programming (WGP). The data for the comparison came from
a sample of 219 farms participating as beneficiaries of the measure ‘Modernization of
agricultural holdings’ in the Rural Development Plan at the Region of Central Macedonia
in Greece. From the crop plans of these farms the average crop plan for the agricultural
holdings was derived. The land changes in the average crop plan, after the implementation
of each model, was the basis for our conclusions. Finally, the sustainability of farms was
calculated using a set of eleven economic, social, and environmental indicators.

In the following section the literature review is presented. Section 3 describes the
mathematical programming models used for comparison. The next Sections 4 and 5 present
the methodology used and the results obtained from the implementation of the models.
The final section offers a set of conclusions.

2. Literature Review

Mathematical programming is the use of mathematical models, particularly model
optimization, to aid decision making. Bradley et al. [30] present mathematical programming
in their book as one of the best developed and most used branches of management science.
It is the optimal allocation of limited resources, among competing activities, according to
a set of constraints imposed by the nature of the problem under study. These constraints
could reflect economic, technological, marketing, organizational, or many other issues.
In general, mathematical programming can be defined as a mathematical representation,
aimed at planning or designing the best possible allocation of limited resources.

2.1. Linear Programming (LP)

Linear Programming was first used as a method of maximizing or minimizing an
outcome with the limited means available during the Second World War, and used for war
purposes. Linear Programming, in its simple form, is a mathematical method that gives
a defined combination of production factors and maximizes the economic result of the
exploitation, subject to a set of constraints [31]. More specifically, Manos and Papanagiotou
define Linear Programming in farm management [32] as the method that provides the best
possible combination of production factors, that ensures the maximum total or per unit
limited rate income or the minimum possible cost for the production. Linear Programming
is used to organize new farms and reorganize old ones, with the goal of helping farmers
achieve the maximum possible income or the minimum possible cost with a better use of
existing inputs.

The use of Linear Programming is observed in several works in the Greek and foreign
literature. For example, in his study Manos [33] uses linear mathematical programming
to make economic use of available production factors and achieve a greater economic
result, as well as to investigate the effect of changes in production factors and gross margin
of production branches in the composition of the production plans and in the economic
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result of the whole region and its sectors. Rozakis et al. [34] in their study use a linear
mathematical programming model to determine the optimal crop plan for each of the
cotton farms they examine, maximizing the annual gross margin.

2.2. Positive Mathematical Programming (PMP)

Positive Mathematical Programming has been widely used in studies regarding sus-
tainable farm management [35]; also, in recent years several variants of Positive Math-
ematical Programming have been developed and used in bioeconomic analysis [36–38].
These variations aim to overcome the limitations of the standard Positive Mathematical
Programming approach and to improve the predictive ability of the models by using addi-
tional available information. In their study, Petsakos and Rozakis [39] integrate risks and
uncertainty into the PMP approach. The same authors [40] compare two different PMP
methods for their ability to predict changes in crop mix due to measures of decoupling
and cross-compliance. Two different variants of Positive Mathematical Programming were
also used by Kanellopoulos et al. [41] to evaluate the yield prediction of a general farm
bio-economic model. A farm bio-economic model for farm level analysis was also devel-
oped by Janssen et al. [42] and Louhichi et al. [43]. Positive Mathematical Programming
is widely used in the analysis of economic, social and environmental problems, in the
context of the Common Agricultural Policy [44–46]. Arfini et al. [47] try to present a PMP
model, suitable for estimating the variable cost of agricultural production linked to the
different agricultural activities. This model was applied in three regions of Italy. Finally,
Howitt et al. [48] in their work describe calibration methods for models of agricultural
production and water use, where economic variables can directly interact with models of
biophysical systems.

2.3. Weighted Goal Programming (WPG)

The complexity of decision systems, as well as the competitive conditions under
which decisions are made, led to the development of the theory of Linear Programming
with multiple decision criteria. The application of multi-criteria analysis (solving with the
method of weighted goal programming) does not have as its sole objective the maximization
of gross margin, as is the case in simple Linear Programming, but uses more than one
criterion to find the optimal crop plan [49]. The model calculates the farmers’ utility
function, considering various conflicting criteria, which seem to explain the producers’
decisions (e.g., maximizing farm income, minimizing risk, minimizing labor, etc.). In
their paper Bournaris et al. [50] use multi-criteria mathematical programming to assess
the effects of the measure “setting up young farmers”. Moreover, in the work of Manos
et al. [51] a multi-criteria model was applied to study the impacts of tobacco decoupling
on the income, employment of tobacco farmers, and also on the environment. In their
work, Manos et al. [52] simulate the impact of different water price policies on agricultural
production and analyze the economic, social and environmental impacts of alternative
irrigation water policies using a multi-criteria analysis model. Bournaris et al., [53] present
a fuzzy multi-criteria mathematical programming model, applied to an area of northern
Greece with irrigated agriculture, where the optimal crop plan is achieved. Manos et al., [54]
in their work, use a multi-criteria mathematical programming model to estimate the
farmer’s utility function and simulate various scenarios and policies, as well as to synthesize
alternative production plans. Additionally, Manos et al. [55] present a decision support
system (DSS) in their work based on a multi-criteria optimization model. Its aim is to
optimize the crop plan of the rural area considering the available resources. Finally, multi-
criteria techniques with other methods have been used in such problems [56].

3. Mathematical Programming Models

Arriaza and Gómez-Limón [57] compared the predictive performance of various
mathematical models (including PMP, LP and WGP), and using the production plans, crop
yields, and gross margins of 18 farms over a five-year period; the optimal solutions of
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the mathematical models were compared with observed crop distributions after the 1992
reform of the EU’s Common Agricultural Policy. The following comparison of the results
of the three Mathematical Programming methods is based on this work. In the following
sections the mathematical models for the three mentioned mathematical programming
methods are presented.

3.1. Linear Programming (LP) Model

In a linear programming problem with n variables and m linear constraints (equations
or inequalities), we want to find the nonnegative values (≥0) of those variables that will
satisfy those constraints and maximize or minimize some linear function of those variables.

We request the values of the variables xj that satisfy the following linear constraints:

∑n
j=1 aijxj ≥,=,≤ βi

I = 1, 2, . . . m
and

xj ≥ 0, j = 1, 2, . . . , n

(1)

and the non-negativities xj ≥ 0, j = 1, 2, . . . , n which give the maximum or minimum of the
linear function

f (x1, x2, . . . , xn) = ∑n
j=1 cjxj (2)

3.2. Positive Mathematical Programming (PMP) Model

Howitt [58] proposes a different perspective on mathematical programming, using
more flexible specifications than the traditional linear constraints that, as mentioned, lead
to the above problem. The Positive Mathematical Programming approach uses the farms’
existing crop plans to create self-calibrating models of agricultural production and resource
use, consistent with microeconomic theory. The Positive Mathematical Programming
approach is used to calibrate the model and guarantees the exact reproduction of the
existing production plan without the use of additional calibration constraints that are
difficult to justify in a manner consistent with existing economic theory [59]. One of the
advantages of the method is that it achieves accurate calibration of linear programming
models, even when there is a lack of sufficient data to choose appropriate constraints.

This model is a deterministic linear model, which maximizes the total gross margin of
an average farm, given a set of policy and resource constraints [41].

max
x∈[0,+∞)

{z = r′x− c′x}

s.t.Ax ≤ b[π],
χ ≥ 0

(3)

where:

z is the objective function,
x is an n × 1 vector of production activities,
r is an n × 1 vector of gross margins of production activities,
c is an n × 1 vector of variable costs,
A is an m × n matrix of technoeconomic coefficients,
b is an m × 1 vector of output and policy constraints, and
π is an m × 1 vector of the shadow values of factor constraints (e.g., marginal productivity
of exhausted constraints).

3.3. Weighted Goal Programming (WGP) Model

Sumpsi et al. [60] and Amador et al. [61] proposed the methodology of weighted goal
programming for the analysis and simulation of agricultural production systems based on
multi-criteria techniques. The weighted goal programming methodology is used to study
farmers’ decision-making.
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The methodology of weighted goal programming can be summarized in three steps:

1. Initially a set of objectives is determined that are considered the most important for
farmers;

2. Then the pay-off matrix of the above objectives is determined;
3. Finally, the pay-off matrix is used to calculate a set of weights that optimally reflect

farmers’ preferences.

Thus, the first step in our analysis consists of defining the set of objectives f1(X) . . . fi(X)
fn(X) that represents the farmers’ true objectives (e.g., profit maximization, minimization of
fertilizer use, minimization of labor use, etc.).

Table elements must be calculated by optimizing one objective in each row. Thus, fij is
the value of the i-th feature when the j-th objective is optimized. When the payoff table is
complete, we solve the following system of q (number of targets) equations:

q

∑
j=1

wj fij = fi, i = 1, 2, . . . q; and
q

∑
j=1

wj = 1, (4)

where wj are the weights attached to each objective that reproduces the farmer’s real
behavior, fij are the elements of the payoff matrix, and fi is the price achieved for the i-th
objective, according to the existing crop plan.

Because the above system does not result in a set of wj it is necessary to search for
the best possible solution, minimizing the sum of deviational variables that finds the
closest set of weights. For this purpose, a weighted goal programming problem with
percentage variable deviations is created [62]. This solution is found from the following
linear programming model:

Min
q

∑
i=1

ni + pi
fi

(5)

With restrictions:

∑q
j=1 wj fij + ni − pi = fi, i = 1, 2, . . . , q and ∑q

j=1 wj = 1 (6)

where pi represents the positive deviation from target i and ni the negative deviation from it.

4. Methodology

The comparison for the selected mathematical programming methodologies follows
the next procedure steps:

1. For all farms the same crops were considered as the decision variables and the real
situation crop plan is the same for all models;

2. The same constraints were applied to all models;
3. The objective functions of all models were optimized using the same goals. The goals

were maximization of gross margin, minimization of fertilizers use, and minimization
of labor use;

4. All the optimum results for all models were compared to the real situation crop plan;
5. Finally, a set of sustainability indicators (economic, social, environmental) is calculated

to help the comparison procedure.

4.1. Real Situation

Among the thirteen Greek regions, the region of Central Macedonia is the one with
the highest primary sector (Figure 1). According to the Hellenic Statistical Authority, the
primary sector of the region corresponds to 22.6% of the total value of production in the
country. The region includes seven regional units with different crop plans [63].
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In Figure 2, the crop plan of the average farm of the sample is presented. The sample for
the comparison was 219 agricultural holdings participating as beneficiaries of the measure
‘Modernization of agricultural holdings’ of the Rural Development Plan in the Region of
Central Macedonia in Greece. The sample was obtained from a total of 5490 beneficiaries
nationwide. Using descriptive statistical analysis, the average farm was derived.
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Figure 2. Real Situation Crop Plan for the average farm. Source: Hellenic Statistical Authority.
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The crop allocation to the crop plan is shown in percentage form, with the average
crop plan equaling 100.

According to this data, durum wheat cultivation accounts for the largest percentage,
or 27.79%. This is followed by rice and cotton crops, which have respective percentages
of 16.72% and 10.80%. The cultivation of maize contributes to the crop plan by 8.97% and
alfalfa by 7.29%. Cherry (5.45%), barley (5.15%) and common wheat (5.03%) crops have
similar participation rates. Sugar beet (2.45%), vetch (2.33%), peach (2.05%), olive (1.84%)
and sunflower (1.46%) crops follow with a smaller contribution. Tomatoes (0.92%), apple
(0.85%), potatoes (0.55%) and kiwis (0.34%) crops contribute with a percentage of less
than 1%.

4.2. Goals

The decision variables for the farmers were the crops (Xi) participating in the crop
plan. The goals that we assumed reflected the farmers’ decisions were the maximization of
gross margin:

maxGM = ∑q
i=1 GMi × Xi (7)

the minimization of fertilizers use,

minFER = ∑q
i=1 FERi × Xi (8)

and the minimization of labor use

minLAB = ∑q
i=1 LABi × Xi (9)

All these goals were introduced in the objectives’ functions of all models.

4.3. Constraints for All Models

For each of the three models, the same constraints are inserted in the mathematical
programming matrix. The constraints used concern the land, the irrigated or non-irrigated
area, constraints regarding the application of the CAP to each crop separately, market
constraints for each crop, but also constraints for labor, variable costs and the fertilizers use.
In detail:

Land: The sum of total available land for all crops (Xi) must add up to 100. This
constraint is introduced to express the results of the models as percentages.

Irrigated Land: The total irrigated land must be less than or equal to the real total
irrigated land of the region. Same constraints were inserted for non-irrigated land.

Labor use: The sum of required working hours (RWHi) for each crop (Xi) must be less
than or equal to the total working hours (TWH).

Variable Costs: The sum of the required variable costs (RVCi) for each crop (Xi) must
be less than or equal to the total available capital (TC).

Fertilizers use: The sum of required fertilizers (RFi) for each crop (Xi) must be less
than or equal to the real crop plan fertilizers use (TF).

Other constraints: Market and agronomics considerations, such as rotation or CAP rights.

4.4. Indicators

Indicators are fundamental tools for measuring sustainability. The first major step
towards identifying sustainability indicators to be taken towards achieving sustainability
can be traced back to Agenda 21, an action plan launched at the United Nations Conference
on Environment and Development (Earth Summit) in Rio de Janeiro 1992 (United Nations
Conference on Environment and Development (UNCED, 1992). Since UNCSD’s initial
effort, a plethora of sustainability indicators have been developed. Many of the indicators
we might want to calculate are not available in some areas due to a lack of data. The
chosen economic, social, and environmental indicators have been considered in practice,
as they represent the balance between ideal indicators and the limitations imposed by the
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availability of data. The selected indicators are presented in Table 1. In the study, a total of
11 indicators (economic, social, and environmental) are examined. The economics were
gross income and gross margin. Social indicators were labor use, annual work units, and
seasonality [64]. Finally, six environmental indicators were examined, and they concern
crop diversity, land cover, water use, nitrates use, electric and thermal power.

Table 1. Selected Economic, Social and Environmental Indicators.

Indicators Units

Economic
Gross Income EUR

Gross Margin EUR

Social

Labor Use hours

Annual Work Units AWU

Seasonality hours/month

Environmental

Crop diversity Number of crops

Land Cover %

Water Use m3

Nitrates Use kg

Electric power MWh

Thermal power MWh

5. Results

For each mathematical programming method, the results are presented independently,
and the final comparison of the methods is made using the sustainability indicators.

5.1. Results for Linear Programming (LP) Model

Table 2 shows the results and the changes made to the crop plan of the average farm
after the implementation of the linear programming (LP) model. The main objective of
the linear programming model was the maximization of the gross margin. The optimum
solution gave an increase to gross margin by 5.6% from EUR 15,699 to EUR 16,573. The LP
model did not achieve the other two goals of the study. The increase in the fertilizer use by
1.1% and the increase in the labor use by 1.2% were out of the expectations. Specifically, the
fertilizer use increased from 6791 kg to 6867 kg. Accordingly, an increase in labor use was
observed from 2715 h to 2748 h. The results data refer to the total average farm (100 acres).

The main result of the new crop plan is that three crops are planned to be abandoned
(common wheat, sugar beet and vetch). In addition, a −47% reduction in cotton cultivation
is proposed. More specifically, from 10.80 acres cotton reduced to 5.72 acres. All other
crops show an increase and more specifically, the cultivation of durum wheat has increased
by 19.8%, i.e., from 27.79 to 33.29 acres. Barley showed an increase of 30%, i.e., from
5.15 acres to 6.70 acres. Then, the alfalfa crop showed an increase of 20%, from 7.29 acres to
8.74 acres. Maize from 8.97 acres is proposed to have a participation of 10.76 acres, which
was a 19.9% increase. The cultivation of olives increased in the new crop plan by 4.7%,
i.e., from 1.84 acres to 1.93 acres. The cultivation of rice also increased, at a rate of 20%,
from 16.72 acres to 20.07 acres. The sunflower showed an increase of 29.9%, i.e., from 1.46
to 1.89 acres. Tomatoes increased by 19.8%, from 0.92 to 1.10 acres. Potatoes increased
from 0.55 to 0.67 acres, or 20.8%. Cherry trees showed an increase of 4.9%, i.e., from 5.45 to
5.72 acres. Apple trees increased from 0.85 acres to 0.90 acres, a percentage change of 5.4%.
Peach cultivation increases in the new crop plan by 4.8%, i.e., from 2.05 acres to 2.15 acres.
Finally, kiwifruits increased from 0.34 to 0.36 acres, i.e., by 4.9%.
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Table 2. Comparison of the Real crop plan vs. LP crop plan. Source: Our elaboration.

Real
LP

Values % Deviation

Gross Margin (EUR) 15,699 16,573 5.6

Fertilizers use (kg) 6791 6867 1.1

Labor Use (hours) 2715 2748 1.2

Cotton 10.80 5.72 −47.0

Common wheat 5.03 0.00 −100.0

Durum wheat 27.79 33.29 19.8

Sugarbeets 2.45 0.00 −100.0

Barley 5.15 6.70 30.0

Alfalfa 7.29 8.74 20.0

Maize 8.97 10.76 19.9

Olive trees 1.84 1.93 4.7

Rice 16.72 20.07 20.0

Sunflower 1.46 1.89 29.9

Tomatoes 0.92 1.10 19.8

Potatoes 0.55 0.67 20.8

Cherry trees 5.45 5.72 4.9

Apple trees 0.85 0.90 5.4

Peach trees 2.05 2.15 4.8

Kiwi 0.34 0.36 4.9

Vetch 2.33 0.00 −100.0

Total 100.0 100.0

5.2. Results for Positive Mathematical Programming (PMP) Model

Table 3 presents the changes made to the crop plan of the average farm after the
application of the Positive Mathematical Programming (PMP) model. The main objective
of the PMP model was to maximize gross margin. In fact, this goal was achieved, since the
gross margin increased by 4.5%, from EUR 15,699 to EUR 16,398. The goal of minimization
of fertilizer use was not achieved since there was an increase in the use of fertilizers from
6791 kg to 6801 kg, with a rate of 0.1%. On the other hand, labor use decreased from 2715 h
to 2613 h, i.e., −3.8% achieving the third goal of labor use minimization.

In the optimum crop plan proposed by the PMP model, only sugar beet cultivation
was planned to be abandoned. Six crops—cotton, common wheat, rice, sunflower, tomatoes,
and vetch—decreased in the new crop plan. Specifically, cotton is reduced by 62.9% from
10.80 acres to 4 acres. Moreover, common wheat showed a decrease from 5.03 acres to
4.96 acres, i.e., a decrease of −1.5%. Rice cultivation decreased by 1%, from 16.72 acres
to 16.55 acres. The sunflower and tomatoes crops showed smaller reduction rates with
a decrease of 0.4% and 0.2%, respectively. Vetch exhibited a decrease at a rate of 1.3%,
i.e., from 2.33 acres to 2.30 acres. All other crops increased their contribution to the
new proposed crop plan. The cultivation of durum wheat increased by 16.9%, i.e., from
27.79 acres to 32.48 acres. Barley increased from 5.15 acres to 6.12 acres, or 18.7%. Alfalfa
cultivation also showed an increase of 20%, specifically from 7.29 acres to 8.74 acres. Maize
cultivation showed a similar percentage increase (19.9%), from 8.97 acres to 10.76 acres.
Olive cultivation increased by 4.7%, from 1.84 acres to 1.93 acres. Potato cultivation showed
a great increase of 20.8%, i.e., from 0.55 acres to 0.67 acres. Cherry cultivation increased
at the same pace of 4.9% as kiwifruit cultivation. Cherry increased from 5.45 acres to
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5.72 acres and kiwifruit from 0.34 acres to 0.36 acres. Finally, apple cultivation increased
from 0.85 acres to 0.90 acres, i.e., by 5.4%.

Table 3. Comparison of the Real crop plan vs. PMP model crop plan. Source: Our elaboration.

Real
PMP

Values % Deviation

Gross Margin (EUR) 15,699 16,398 4.5

Fertilizers use (kg) 6791 6801 0.1

Labor Use (hours) 2715 2613 −3.8

Cotton 10.80 4.00 −62.9

Common wheat 5.03 4.96 −1.5

Durum wheat 27.79 32.48 16.9

Sugarbeets 2.45 0.00 −100.0

Barley 5.15 6.12 18.7

Alfalfa 7.29 8.74 20.0

Maize 8.97 10.76 19.9

Olive trees 1.84 1.93 4.7

Rice 16.72 16.55 −1.0

Sunflower 1.46 1.45 −0.4

Tomatoes 0.92 0.92 −0.2

Potatoes 0.55 0.67 20.8

Cherry trees 5.45 5.72 4.9

Apple trees 0.85 0.90 5.4

Peach trees 2.05 2.15 4.8

Kiwi 0.34 0.36 4.9

Vetch 2.33 2.30 −1.3

Total 100.0 100.0

5.3. Results for Weighted Goal Programming (WGP) Model

Table 4 displays the changes introduced to the average farm’s crop plan due to the
implementation of the weighted goal programming (WGP) model. The three objectives
of the WGP model were to maximize gross margin, minimize fertilizer use, and minimize
labor use under one surrogate utility function. As shown in the following table, all three
objectives were achieved. In fact, gross margin increased by 5.2%, fertilizer use decreased
by 1.3%, and labor use decreased by 2.7%. In more detail, the gross margin from EUR
15,699 increased to EUR 16,511, when the fertilizer use from 6791 kg decreased to 6706 kg
and the labor use from 2715 h decreased to 2642 h.

In the new crop plan the abandonment of three crops, cotton, common wheat, and
sugar beet, is observed. All other crops showed an increase. In more detail, the cultivation
of durum wheat showed an increase of 29.5%, i.e., from 27.79 acres to 35.98 acres. Barley
cultivation increased by 30%, i.e., from 5.15 acres to 6.70 acres. Alfalfa also showed an
increase, from 7.29 acres to 8.74 acres, i.e., by 20%. Maize increased by 19.9%, from 8.97 acres
to 10.76 acres. The cultivation of olives showed an increase of 4.7%, from 1.84 acres to
1.93 acres. Rice cultivation increased from 16.72 acres to 20.07 acres, i.e., by 20%. Sunflower
increased from 1.46 acres to 1.89 acres, i.e., by 29.9%. The cultivation of tomatoes increased
by 19.8%, i.e., from 0.92 acres to 1.10 acres. Potatoes increased from 0.55 acres to 0.67 acres,
20.8%. Cherry trees showed an increase of 4.9%, i.e., from 5.45 acres to 5.72 acres. Apple
trees showed an increase of 5.4%, i.e., from 0.85 acres to 0.90 acres. Correspondingly, peach
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cultivation also increased, from 2.05 acres to 2.15 acres, i.e., by 4.8%. Kiwis showed an
increase of 4.9%, when from 0.34 acres they contribute to 0.36 acres. Finally, the vetch
increased from 2.33 acres to 3.03 acres, i.e., by 30.2%.

Table 4. Comparison of the Real situation crop plan vs. WGP model optimum crop plan. Source:
Our elaboration.

Real
WGP

Values % Deviation

Gross Margin (EUR) 15,699 16,511 5.2

Fertilizers use (kg) 6791 6706 −1.3

Labor Use (hours) 2715 2642 −2.7

Cotton 10.80 0.00 −100.0

Common wheat 5.03 0.00 −100.0

Durum wheat 27.79 35.98 29.5

Sugarbeets 2.45 0.00 −100.0

Barley 5.15 6.70 30.0

Alfalfa 7.29 8.74 20.0

Maize 8.97 10.76 19.9

Olive trees 1.84 1.93 4.7

Rice 16.72 20.07 20.0

Sunflower 1.46 1.89 29.9

Tomatoes 0.92 1.10 19.8

Potatoes 0.55 0.67 20.8

Cherry trees 5.45 5.72 4.9

Apple trees 0.85 0.90 5.4

Peach trees 2.05 2.15 4.8

Kiwi 0.34 0.36 4.9

Vetch 2.33 3.03 30.2

Total 100.0 100.0

5.4. Comparison of the Sustainability Indicators Results

Table 5 shows the changes of the main indicators during the application of the three
models of mathematical programming. As regards the economic indicators in the real
situation, the gross income is equal to EUR 29,499. After applying LP, the gross income
increased to EUR 30,375 since when applying WGP, the gross income was equal to EUR
29,694, while when applying PMP, the gross income was equal to EUR 29,475. Regarding
the gross margin, the real situation was EUR 15,699 but after applying the LP model it
becomes EUR 16,573, and EUR 16,511 with the WGP model and EUR 16,398 with the
PMP model.

The comparison of the three social indicators, those of labor use, annual work units
and seasonality, shows the next results. The labor use in the real situation was 2715 h, and
after the application of the LP model it increased to 2748 h, while after the application of
the WGP and PMP models it decreases, respectively. The annual work units in the real
situation were 1.55, when in LP it was 1.57, in WGP it was 1.51, and in PMP it was 1.49.
Finally, seasonality in the real situation was 226.25, when there is an increase in the LP
model and a decrease in the WGP and PMP models.
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Table 5. Comparison of mathematical programming models for the sustainability indicators. Source:
Our elaboration.

Real PMP LP WGP

Values Values % Deviation Values % Deviation Values % Deviation
Economic

Gross Margin (EUR) 15,699 16,398 4.45% 16,573 5.57% 16,511 5.17%

Gross Income (EUR) 29,499 29,475 −0.08% 30,375 2.97% 29,694 0.66%
Social

Labor Use (hours) 2715 2.613 −3.77% 2748 1.23% 2642 −2.69%

Annual Work Units
(AWU) 1.55 1.49 −3.77% 1.57 1.23% 1.51 −2.69%

Seasonality
(hours/month) 226.24 217.73 −3.77% 229.03 1.23% 220.17 −2.69%

Environmental
Crop Diversity

(number) 17 16 −5.88% 14 −17.65% 14 −17.65%

Land Cover (%) 74.84 74.79 −0.07% 75.28 0.58% 74.77 −0.11%

Water Use (m3) 38,435 35,491 −7.66% 40,016 4.11% 36,870 −4.07%

Nitrates Use (kg) 6791 6801 0.14% 6867 1.11% 6706 −1.25%

Electric power
(MWh) 21.46 20.52 −4.38% 20.82 −2.99% 20.25 −5.65%

Thermal power
(MWh) 97.04 92.85 −4.31% 94.02 −3.11% 91.73 −5.47%

Table 5 also shows the changes of the six environmental indicators, those of crop
diversity, land cover and water use, nitrate use, electric and thermal power. The crop
diversity in the real situation was 17, while in LP, WGP and PMP it was 14, 14 and 16,
respectively. In the real situation, the land cover was equal to 74.84%. Greater land cover
is shown by the LP model, with 75.28%. while the WGP and PMP models show lower
percentages of land cover, with 74.77% and 74.79%, respectively. The water use in the real
situation was equal to 38,435 m3. The implementation of the LP model showed an increase
in water use, while there was a decrease in the WGP and PMP models. Then, the use of
nitrates in the real situation equals 6791 kg. It increases when applying the LP and PMP
models, while when applying the WGP model a reduction was observed. The electric
power was equal to 21.46 MWh in the real situation, when in LP it was 20.82 MWh, in WGP
was 20.25 MWh and in PMP 20.52 MWh. Finally, the thermal power in the real situation
was equal to 94.46 MWh and reduced in all three mathematical programming models.

Figure 3 presents the percentage changes in the economic indicators (gross income
and gross margin) after the application of the three mathematical models. Thus, there is
an increase of 2.97% in the gross income in LP, but also a 0.66% increase in WGP, while
the gross income decreases by −0.08% in PMP. Regarding the second economic indicator,
in LP there is an increase of 5.57% while in WGP increases by 5.17% and in PMP model it
increases by 4.45%.

The percentage changes for the three social indicators (labor use, annual work units,
and seasonality) are shown in Figure 4 below. There is an increase in labor use by 1.23%,
in LP, while in WGP and in PMP it decreases by 2.69% and 3.77%, respectively. Annual
work units showed an increase of 1.23% in LP, while in WGP and PMP it shows a decrease
of 2.69% and 3.77%, respectively. Finally, seasonality increased in LP by 1.23% while it
decreased by 2.69% in WGP and by 3.77% in the PMP model.
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Finally, Figure 5 presents the percentage changes of the five environmental indicators,
(land cover, water use, nitrate use, electric, and thermal power) after the application of
the three mathematical models. The sixth environmental indicator (crop diversity) is not
shown, since it is a number. In detail, the land cover shows an increase in the LP model
at a rate of 0.58%, when it decreases in the WGP and PMP models by 0.11% and 0.07%,
respectively. In water use, there is an increase in LP and a decrease in WGP and PMP
models. However, an increase is also observed in the use of nitrates in the LP and PMP
models, while a decrease is observed in the WGP model. The electric power is reduced
during the implementation of the three mathematical programming models. A decrease is
also observed in the thermal energy in all three models.
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6. Discussion

The implementation of the three methodologies reorganized and optimized the real
situations’ crop plan of the average farm of the sample. Subsequently, eleven economic, so-
cial, and environmental indicators derived from the literature review were calculated, both
for the optimized crop plans and for the real situation crop plan. The real situation results
of the selected indicators were compared to the results of the LP, WGP and PMP models.

Useful conclusions were drawn from the results of the implementation of the models.
As for the LP model, it managed to achieve the highest increase in maximization of gross
margin goals over the three models, as it was the main objective of the model. However,
this increase also led to an increase in both fertilizer use and labor use, which were the
farmers’ two other objectives. The PMP model achieved a gross margin increase at the
lower level compared to the other two models. On the other hand, it met only one of
the other two objectives, the minimization of labor use at a higher rate than the other
two models, while fertilizer use remained almost constant. Regarding the participation
of crops in the crop plans, the Positive Mathematical Programming model succeeded in
reorganizing the average farm without abandoning a large number of the existing crops,
which is one of the main advantages of using the method. On the other hand, the WGP
method managed to achieve an increase in the gross margin of the farm, but not to the
extent of that achieved by the LP method. At the same time, however, it was the only model
that succeeded in achieving all the goals set by farmers.

As mentioned before, a comparison was also made regarding a set of 11 different
indicators (economic, social, and environmental). The values for these indicators were
calculated based on the results of the optimal crop plans of the three mathematical pro-
gramming models.

The first economic indicator analyzed was gross income. Compared to the real sit-
uation of the average farm, an increase in gross income is observed in the optimal plans
of the LP and WGP models, while a decrease in the crop plan of the PMP model was
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observed. This indicator shows the total income that the farm gains and cannot be a safe
indicator of comparison between the models. Regarding the gross margin index resulting
from the gross income after deducting the variable costs, the results showed that in all
three mathematical programming models used, an increase in gross margin was observed
compared to the real situation of the average farm. The rate of the increase corresponds to
the model used.

The social indicators used were labor use, annual work units, and seasonality. Re-
garding the labor use, compared to the real situation an increase was observed with the
application of the LP model, while on the contrary, with the application of the WGP and
PMP models a decrease was observed. The indicator of annual work units moves at similar
levels, which in the current situation is 1.55. In the LP model it increases, while in the WGP
and PMP models it decreases. Finally, the seasonality of labor use also increases in the LP
and decreases in the WGP and PMP models. Changes in social indicators are proportional
to the total hours worked.

The six environmental indicators used were: crop diversity, land cover, water use,
nitrates use, electric power production, and thermal power production from crop residues.
The crop diversity in the real situation consists of 17 crops, while in LP and WGP decreased
to 14; in the case of the PMP model it is 16, very close to the real situation. This result
confirms that in the PMP the existing crops are reorganized without significant changes
that can create problems for the farmer. The land cover in the real situation was equal to
74.84%. Greater land cover is shown by the crop plan proposed by the LP model with
75.28%, while smaller percentages of land coverage are shown by the production plans
proposed by WGP with 74.77% and PMP models with 74.79%. Nevertheless, we observe
that the crop plans of all three methods show land coverage close to 75%, with very small
deviations. Regarding the water use indicator, it shows an increase in the LP model, while
it shows a decrease in the WGP and PMP models. On the other hand, the indicator of
nitrate use increases in the optimal crop plans of the LP and PMP models, while when
applying the WGP model a decrease in nitrate use is observed. Electric power produced
from crop residues is reduced in the optimal crop plan of all models. Finally, something
similar happens in the last environmental indicator, thermal power production. Thermal
power is reduced in the optimum crop plans proposed by all models, always compared to
the real situation.

7. Conclusions

In this paper an attempt was made to compare mathematical programming methods
that have been used widely in studies measuring the sustainability of farms. The selection
of the appropriateness of these methods was confirmed by Arriaza and Gómez-Limón [57]
who, in their study, compared the predictive performance of various mathematical models
including Linear Programming, Positive Mathematical Programming, and Weighted Goal
Programming. Finally, a short literature review of all three mathematical programming
methods was carried out and then their mathematical forms were given. As mentioned
before, the study area was the Region of Central Macedonia in Greece, and the sample was
219 beneficiaries who participated in measure ‘Modernization of agricultural holdings’.

We can summarize that the Linear Programming model managed to achieve the
highest increase in gross margin over the PMP and WGP models but did not achieve the
other two goal set by farmers. The use of the Linear Programming method is recommended
in cases where we are interested in a single individual objective and for a specific growing
season, since the LP model is considered static.

On the other hand, for the Positive Mathematical Programming model we can conclude
that it manages to integrate dynamic elements into its objective function, since it can
introduce changes in its various variables (costs, prices, subsidies, etc.) and calculates
them automatically by entering the appropriate commands. For this reason, it can be easily
adopted and used for different regions and types of farms. Its implementation succeeded
in reorganizing the available factors of the average farm without abandoning a large part
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of the existing crops, which is one of the main advantages of using the method. Its use is
indicated in cases where we are interested in reorganization of the crop plan without major
changes from the existing plan. Although the model is basically considered static, it can be
transformed into a dynamic one by using longitudinal data, mainly to incorporate risk into
the objective function, as well as to simulate various scenarios.

Finally, the WGP managed to achieve an increase in the gross margin of the farm, but
not to the level achieved by the LP model; but at the same time, it was the only model
that achieved a reduction in both the fertilizer use and the labor use, which were the other
two goals set by farmers.The WGP model can be used in cases where we are interested in
achieving more than one goal, since it achieves the integration of separate conflicting goals
into one utility function.
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