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Abstract: Crop planning problems have been extensively studied from different perspectives (profit
maximization, optimizing available water use, sustainability, etc.). In this paper, a new approach is
proposed that considers new forms of customer-producer relationship, involving long-term coopera-
tion agreements where the product volumes are agreed, and the demand is guaranteed in advance.
In this context, typical of manufacturing production systems, crop planning must guarantee a given
production level on specific dates, thus becoming deterministic in nature. In that context, this paper
introduces a lexicographic biobjective optimization approach that, in addition to cost minimization,
aims at minimizing the risk of not meeting the agreed demands. The latter is done by maximizing
the geographic dispersion of the crops so that weather risk is mitigated. A number of experiments
have been carried out to test the proposed approach, showing the high complexity of the solution
and opening the door to new solution procedures for a problem that results from interest given to the
new type of relationships in the food logistics chain.

Keywords: crop planning; lexicographic optimization; biobjective optimization; synchronized
production; risk diversification

1. Introduction

All activities related to agricultural planning are particularly important, given the
basic nature of human needs that are fulfilled by their output. A good performance
guarantees that all the needed products reach, in an efficient way, the population that
requires them. One of the aspects involved, the management of the food supply chain, is
especially complex, mainly when talking about perishable products. Thus, the traditional
goal of making the products arrive on time to the correct customer must be fulfilled in
addition to the specific quality required to avoid health problems, usually with long lead
times under considerable uncertainties (volatile markets, weather risks affecting offers,
etc.) and all these with small profit margins [1].

According to [2], decisions in agriculture planning cover four main functional areas:
production (product selection, volume to be produced, sowing date, resources involved,
irrigation, etc.); harvest (dates, tasks scheduling, resources used, etc.); storage (stocks, sales
planning, etc.); and distribution (transportation mode, routing, etc.). In this paper, we will
deal with the two first areas, in particular with crop planning and the decisions related to
harvesting.

Crop planning involves decisions such as product selection and plot size and location,
with the goal of maximizing the profits derived from those [3]. However, although easily
stated, the problem is complex given the high number of factors that intervene (variety
of products to select and their interactions, location alternatives, sociocultural aspects,
resources availability, biological aspects of seeds and soil, market requirements . . . ), the
prices randomness, and the difficulty to include the crop succession requirements [4], in
addition to other uncertainty characteristics of the agriculture business (weather, plagues,
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fires . . . ). In fact, perishability and uncertainty are two main components in most of the
papers dealing with crop planning [5].

Mixed-integer linear programming (MILP) has been the traditional modeling tool to
deal with crop planning for many years. Thus, in their review, [1] cite some papers dated
1954. Most of the real problems modeled using Linear Programming (LP) usually consider
maximizing profit as their objective function, with available land, workforce, machinery
and watering as the production resources considered. However, when considering a more
sustainable point of view, the problem becomes multiobjective [6], including additional
objectives such as crop rotation, minimizing the use of inputs or working time to improve
farmers’ quality of life, or minimizing weather risk.

However, the main difficulties of the problem (uncertainty, linear assumptions, large
amount of necessary data) have given rise to a non-successful implementation in many
cases [7]. For instance, yield and costs depend not only on some deterministic factors
(soil characteristics, watering, seed quality) but also on other aspects related to risk
management [8].

When dealing with risk in agriculture management, three main diversification strate-
gies are considered [9]. The first one, product diversification, consists of sowing different
products in the land available, reducing in that way the income variance by supplying
different markets. This is a simple-to-implement strategy by any farmer just having enough
know-how.

The second one (the strategy that we are considering here) is geographic diversification.
It consists of planting a product in several, geographically separate plots, avoiding in that
way the risks of localized storms or other local problems. Here the goal is to reduce
the variance of the harvested crop, which requires the farmer to own several plots in
different regions, something which is not always feasible. [10] mentioned that, in addition
to this difficulty of land availability, it must be taken into account that production costs
increase (transportation, workforce, supervision and, in general, harvest coordination).
They conclude that this strategy is more suitable for the bigger farmers who do not need
much machinery to be transported.

Finally, cultivar diversification takes into account the time factor, mixing the two
previous strategies, thus obtaining both types of advantages. Thus, a product is sown in
different regions in such a way that harvesting is done in different seasons, optimizing
both the risk of harvest loss and the market price of the products.

While many papers have already considered the fulfilment of a given demand [11,12],
in our context, we pursue not only to cover at least the supply orders as other authors
did, but avoiding a surplus of production that would need to be discarded given the
perishability of these commodities. In addition, to include in the approach the inherent
risk of working with agriculture harvesting, we propose for the first time a geographic
diversification strategy in the crop planning process, as a means to increase the odds of
satisfying the demand.

As previously mentioned, over the years, MILP has proved to be a very flexible tool for
modeling all the decision processes in manufacturing, but also in agricultural management.
As soon as in 1997, ref. [13] used linear models for crop planning. More recently, many more
applications have been published (see, for instance, [14]). Most of the dozens of models
developed with that purpose have as their main objective cost minimization [15] taking
into consideration factors such as the crop demand, cropping area available, labour costs,
fertilizer costs, budget and other resource constraints. In some instances [16], the chemical
as well as the physical soil properties are considered (pH, organic matter, permanent
wilting point, etc.) in order to identify the best crop selection. In many other cases, water
availability and its fair use has been an important issue to be considered as well [17,18].
Produce varieties, planting and harvest periods, and inventory and transportation, are
factors to be considered in real planning [19]. Simulation is also used on many occasions to
assess or find potentially good alternatives [20–22].
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One of the characteristics that contributes to the difficulty of planning agricultural
activities is the existence of different types of risk (weather, market, environmental, . . . )
affecting the operations. Thus, among the stochastic factors making future crop profits
uncertain are temperature or rainfall level, commodity selling price, seed costs, etc., since
they affect the crop yield. In this environment with its lack of uncertainty, stochastic
programming has been seen as an appropriate tool for many researchers [1]. Alternative
scenarios, each with a given probability, can be defined for each potential outcome. In
addition, fuzzy modeling has often been used [23,24].

However, as the world population grows and the global food demand increases,
the requirements for a more efficient use of the land and farming resources are higher,
in order to avoid the pollution and loss of diversity that a wild, intensive agriculture
could generate. Sustainable agriculture is understood by [25] as economically viable and
environmentally and socially fair. In their case, for instance, instead of cost minimization,
a sustainability aspect such as the minimization of the surface area needed to cover crop
demands is considered.

Therefore, in this paper, a biobjective optimization model that minimizes cost and max-
imizes geographic diversity (i.e., minimizes costs and risk of failure to fulfil the demand)
is proposed. The main goal of this research is to introduce this new problem, identify
its main characteristics, and explore the complexity of the problem in real settlements.
Given the size of the problem for real farms, this paper represents a first approach to
open the door to more usable solution techniques such as metaheuristics, when dealing
with such environments. The structure of the paper is the following; in Section 2, a brief
literature review on crop planning modeling is presented, including a section introducing
the synchronized demand scenario, typically arising in customer–producer collaborative
environments, which has motivated this research. Section 3 formulates the proposed
biobjective optimization model, including a first example of how the model introduces a
trade-off between cost and risk. Section 4 shows some evidence of the high complexity of
the problem in a real setting, and our findings are summarized in Section 5.

2. Crop Planning Problem in Collaborative Environments

The concern about sustainability has made it necessary on many occasions to use
multiobjective optimization methods when planning farming operations. Some of the best
known methods for multiobjective optimization are ε-constraint (that computes optimal
solutions scalarizing all but one objective function in the constraint set, see for example [26]),
and goal programming (that defines goals to be fulfilled by the solution, being the objective
to satisfy as much as possible those goals, see [27]). Thus, using the latter, ref. [28] defined
three goals for the problem of crop planning at a national level: maximization of the
return from cultivated land, minimization of the dependency on the import of cereal, and
minimization of required investment. Many different combinations of objective functions
have been considered but profit maximization and water requirement minimization are
those most often considered together [29,30].

Given the high complexity of these optimization problems, it is not unusual that
metaheuristics are used to find solutions within a reasonable period of time, mainly when
dealing with realistic problems. Ref. [31] present a review of 50 papers, most of them
case studies, concluding that the selection of one type of metaheuristic or another is
more dependent on the expertise of the research team than on the problem characteristics.
Regarding the type of metaheuristics, evolutionary algorithms are the most widely used
solution method considered in crop planning [31].

Traditionally, farmers took decisions on their own, trying to guess, based on their
experience, how markets would evolve and assessing the resources at their disposal. Once
the crop was harvested, they took it to the market and looked for buyers who would pay
for it an amount that was dependent on supply and demand.

This view of “two separate worlds” for producers and customers changed a long
time ago in some industries (such as retail) because this type of relationship in the end
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harms both agents: producers risked not finding buyers or not receiving a good price for
their crop, while customers risked not obtaining the products in the desired quantities or
paying for them at unreasonable prices [32]. That is the reason behind the emergence in
the last decades of different developments, such as Collaborative Planning, Forecasting
and Replenishment (CPFR), Vendor Managed Inventory (VMI), etc. aimed at establishing
and reinforcing a long-term relationship between suppliers and customers, thus enhancing
the transparency of the supply chain and increasing the information available for planning
and decision-making.

This type of long-term relationship can also be observed in agriculture. Thus, some
big retailer chains (a well-known case is the Spanish retailer Mercadona, [33]) have long-
term contracts with large farmers and agriculture companies, which, in exchange for
guaranteeing an adequate (in terms of quantity, quality and timeliness) supply of products,
receive stable and guaranteed demand and revenue levels. Note that the retailers can
guarantee the demand level because they have a large amount of data that allow them to
forecast the demand with considerable accuracy. Note also that normally the retailer chain
demands exclusivity and penalty clauses from the supplier.

In this scenario, which we can call “synchronized demand”, crop planning does not
involve selecting the product and the production levels but planning the operations so as
to meet the demand of some predefined products, by obtaining, with as much certainty as
possible, the given production volume in each period. Thus, decision variables involve
when to sow each product, in which plot and when to harvest it. Note that, since the
products are generally perishable (lettuce, tomatoes, etc.), sowing more than required is
not convenient as the excess production would have to be discarded, which has economic
and environmental (in addition to social) costs. Note also that these large agriculture
companies have historical data about the yield of the different crops in the different plots
under different cultivation practices, thus allowing them to accurately determine when,
where, and how much to sow in order to obtain a given crop amount at a given date. This
makes this version of crop planning a deterministic decision.

3. Modeling Crop Planning with Synchronized Demand

In this section, we will model the crop planning of a general company managing N
farms. As shown in Figure 1, each farm Ff is divided into Kf plots, designated as UPfk.
Unlike other authors (e.g., [16]) who consider same-size plots, we assume that the plots
may have different sizes, especially those on the border of the farm, which tend to be
smaller than the standard size. The distance Dff′ between any two farms is known. This
information is necessary to compute transportation costs as well as geographic diversity of
the crop plan.

There is a number P of agricultural products (indexed by index p). The demand for
each product for the next T periods (e.g., weeks) is fixed and known. Let dps be the demand
of product p in period s. Other data about the different plots (area, irrigation cost, crop
growth and yield, etc.) are also available. In particular, as shown in Figure 2, let T(f,p,s,σ)
be the yield of product p in farm f as a function of the sowing period s and the number of
weeks σ passed after sowing (generally σ ≤ 15 for the types of products considered). These
data are key in the decision process, since the growth rate is known for each crop and farm,
crop planning becomes deterministic and the production volume obtained for each value
of the sowing decision variables can be determined.
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Figure 1. Geographic distribution of two farms (Ff) and their plots (UPfk), with the notation used in
the models.

Figure 2. Expected yield T(f,p,s,σ) in a standard sized plot in farm Ff, for a product p (lettuce Iceberg),
sown in week s = 1 . . . 52 and harvested σweeks later. The graph represents data corresponding to
weeks 1 and 52.

The problem thus reduces the decision on what crop to sow in each plot in each period
s of the planning horizon (the next T weeks) so that the amount harvested in each week
is equal to the demand and therefore no waste is generated. This has to be done in a
cost-effective way (main costs considered are harvesting and irrigation). In addition, it is
desirable that the crops of each product be geographically dispersed so that weather-related
problems in one area (storms, floods, hail, tornados, etc.) do not affect all the crop planted,
thus reducing the risk of not meeting the amount of produce required in each period.
Typical additional constraints for this problem include the infeasibility of planting certain
products on certain plots (due to unavailability of irrigation, for example), or that in each
period only one crop can be produced in each plot.

In Table 1, we summarize the notation:
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Table 1. Data and decision variables.

Data

T Planning horizon. We consider current week is s = 0; planning is performed for periods s = 1 . . . T.
P Number of products to fulfil demand
F Number of farms available
K Number of plots per farm
M Number of agricultural machines
Dff′ Distance between farm f and f′.
dps Demand (kg) of product p in period s∈{1, . . . ,T}
T(f,p,s,σ) Expected yield (kg) of product p in a full standard plot of farm f if sown in period s, harvesting σ = 1 . . . 15 weeks later
Afk Size of plot UPfk as a fraction of a standard sized plot, Afk ∈ [0, 1]
Bfkp Binary indicator of whether it is feasible or not to grow product p in plot UPfk
KMm Total available hours of machine m
Mpm Hours required for machine m to plant product p in a standard plot
MBpm Binary (=1 when machine p is needed to plant product p)
CRfk Weekly irrigation cost of plot UPfk
CTfp Cost of harvesting (and transport) of 1 kg of product p planted in farm f
CMfm Cost of moving machine m to farm f
bigM A very large constant used for modeling convenience

Decision Variables

xpfksσ
Fraction of the area of plot UPfk sown with product p in week s = 0 . . . T − 1 to be harvested σweeks later (given the
nature of the products considered, σ ∈ {1 . . . 15}). It is xpfksσ ∈ [0, 1]

ypfks Binary variable indicating whether or not product p is growing in plot UPfk during week s = 0 . . . T − 1
zfms Binary variable indicating whether or not machine m is needed in farm f during week s = 0 . . . T − 1
ϕpfs Binary variable indicating whether or not product p is growing in any plot of farm f during week s = 0 . . . T − 1

Θpff′s
Binary variable indicating whether or not product p is growing in some plots of both farms f and f′ 6= f during
week s = 0 . . . T − 1

Regarding variables xpfksσ, note that σ is bounded in such a way that s + σ ≤ T (nothing
can be planned to be harvested beyond the planning horizon), and therefore σ∈ {1, . . . ,
min{15,T − s}}.

The proposed optimization model seeks, in the first stage, to minimize operating costs,
including the sum of irrigation, harvesting, and machinery costs:

Irrigation costs:

∑
f k

[
CR f k ∑

p,s=0...T−1
yp f ks

]
(1)

Harvesting costs: The cost of produce picking is proportional to the amount of each
product harvested in each farm

∑
f

 ∑
p, k, s∈{0 . . . T−1}

1≤σ≤min{15; T−s}

CTf p · T( f , p, s, σ) · A f k · xp f ksσ

 (2)

Machinery costs:

∑
f m

[
CM f m ∑

s=0...T−1
z f ms

]
(3)

As mentioned above, the second objective function to be taken into account in a
lexicographic way consists of maximizing geographic diversification (with some limitations
in the cost increasing). This is done by maximizing, in every period and for every product,
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the minimum sum Ω of the distances between those farms in which each product is
growing in that period (which acts as a proxy of crop dispersion, i.e., risk mitigation).

max Ω Ω ≤ ∑
f ; f ′ 6= f

D f f ′Θp f f ′s ∀p, s

Ω ≥ 0

(4)

Note that, by definition, Θpff′s= ϕpfs·ϕpf′s where ϕpfs = 1⇔ Σkypfks ≥ 1, which is forced
by Equations (5)–(7):

Θpff′s ≤ ϕpfs ∀p,f,f ′ 6= f,s ∈ {0 . . . T − 1} (5)

Θpff′s ≤ ϕpf′s ∀p,f,f ′ 6= f,s ∈ {0 . . . T − 1} (6)

ϕpfs ≤ Σkypfks ∀p,f,s ∈ {0 . . . T − 1} (7)

Finally, in the second stage of this lexicographic optimization approach, we have to
impose that the values of the cost objective function do not exceed a certain percentage
(χ ≥ 1) above the minimal cost TC* obtained in the first stage:

[1] + [2] + [3] ≤ χ · TC∗ (8)

As regards the constraints to be included in both stages:
Satisfying the demand

∑
f , k

s∈{s′ − 15, s′ − 14, . . . , s′ − 1},
with s≥0

T( f , p, s, s′ − s) · A f k · xp f k,s,s′−s = dps′ ∀p, ∀s′ = {1, . . . , T} (9)

No more than one crop in any given plot at any period

xp f k s σ ≤ yp f k s′′ ∀p, f , k; ∀s = {0 . . . T − 1}; ∀σ = {1 . . . min{15; T − s}}
∀s′′ = {s, . . . , s + σ− 1}

(10)

∑
p

yp f k s ≤ 1 ∀ f , k, s = {0 . . . T − 1} (11)

At any period, the maximum fraction of a given plot that can be planted is unity

∑
p

s′∈{max{0; (s+1)−15}, . . . , s}
σ∈{s−s′+1, . . . , min{15; T−s′}}

xp f k, s′ , σ ≤ 1 ∀ f , ∀k, ∀s = {1, . . . , T − 1} (12)

Product/plot feasibility

yp f k s ≤ B f k p ∀p, f , k, s = {0 . . . T − 1} (13)

Machine availability (and evaluation of variables zfms for use in the objective function)

∑
p, f , k

σ=1 . . . min{15; T−s}

xp f ksσ · A f k ·Mpm ≤ KMm ∀m ; ∀s = {0 . . . T − 1} (14)

∑
p, k

σ=1 . . . min{15; T−s}

MBpm · xp f ksσ ≤ bigM · z f ms ∀ f ; ∀m; ∀s = {0 . . . T − 1} (15)
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Initial conditions: The information on which plots are initially growing in each of the
plots (with different harvesting dates) has to be taken into account, among other things to
determine the effective demand.

Summing up the number of variables and constraints in the model, we see that, for
stage 1, there are PFKT2 continuous variables and FT(PK + M) binary variables, adding
further PFT(F + 1) binary variables for stage 2; regarding constraints, the total number is
PT + FKT(T2P + P + 2) + MT(F + 1) for stage 1 and another PF(T + 2F) for stage 2. Just to
have an idea of the size of the problem, having T = 24 weeks (6 months), P = 10 products,
M = 3 machines, F = 5 farms with eight plots per farm, the number of variables in stage 1 is
230,400 continuous and 9960 binary, and a total of 5.5 million constraints.

4. Numerical Experiments and Discussion
4.1. Illustration

In order to illustrate the proposed approach, let us consider a situation involving
F = 5 farms, each one divided into eight plots. Data were generated using parameters
trying to imitate real environments, with a size able to solve using standard optimizers.
The distance between two consecutive farms is 50 km (Dff′ = 50× (f′ − f ), for f′ > f ). We have
demand for P = 4 products following a uniform distribution during a planning horizon of
T = 20 weeks, σ ≤ 15, involving three agricultural machines. Costs were generated using
available data from real sources (for instance, irrigation cost CRfk was estimated using
government published cost of 800 €/ha/year in the Spanish region of Castille-Leon). Other
relevant parameters have been generated following the rational values (for instance, costs
CTfp increase from 0.5 €/kg with distance, as well as the movement of machinery, with a
minimum cost of movement of 2 €/km; etc.).

For solving the example for the first objective function (cost minimization), we have
used both optimization software LINGO© v.17 and CPLEX© 12.8. in a processor Intel
Core® i7-6500U, 2.50 GHz, 8 GB RAM. The best solution found has a total cost of 58,935 €.
In our case, the most expensive component is the movement of physical resources to the
different farms, the second one the irrigation and lastly the harvesting component. We note
that, when evaluating for that solution, the value of the corresponding Ω results in a risky
plan with Ω = 0 since, for one of the products, all its demand is served from a single farm.

Considering now the second objective (maximization of dispersion Ω for each product
as the objective function), the maximum value that we could obtain without taking into
consideration that the costs are Ω = 2000. That result is obtained when each product is
sown using the most distant farms. Therefore, there is a range of feasible alternatives from
the solution with minimum cost (and a high risk Ω = 0) to the solution with Ω = 2000 (and
a higher cost). Thus, there should be a trade-off between both objectives: as the dispersion
increases (i.e., the risk is smaller), the cost increases.

Figure 3 shows this trade-off as a function of the extra cost we are willing to incur,
measured by the parameter χ (χ = 1.0; 1.025; 1.05; . . . ). As can be observed, in this example,
individual costs are not monotonic, with small variations as we allow higher total costs
(Equation (8)). Finally, the maximum diversification is obtained after paying only an extra
cost of 12.5% (total cost 66,273 €).
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4.2. Influence of Parameters in the Problem Complexity

As seen in the previous section, it is possible to trade-off cost increases for geographic
diversification improvements (and hence risk reduction). However, the time needed for
computation of the optimum solutions for models (1)–(15) becomes extremely large for
non-trivial instances, given the number of variables and constraints involved as previously
stated. Allegedly, it is not possible to solve optimally for real scenarios, in spite of the
increasing importance of the real problem that we are introducing here.

We have performed some experiments to test what parameters have a higher influence
in the difficulty of solving this problem. Bounding the computational time to 2 h, even
for small instances, the optimization software is able to find only a solution that is in a
percentage gap from the unknown optimal solution to the instance (in both cases, using
Lingo as well as CPLEX). Table 2 shows the results of the gap using Lingo when the values
of some parameters affecting the size of the model double their value, compared with a
baseline instance (T = 10, P = 4, F = 5, K = 8, M = 3, σ = 8).

Results show that the number of products is the factor that makes it more difficult to
approach the optimal solution, being the best solution found in the worst case 42% worse
than the optimum. Note that the largest number of products planned (8 in our case) is
in fact far from the real number of products a regular company could need to plan for
(perhaps in the range of 30). On the other hand, the parameter that increases the difficulty
of the problem to a lesser degree seems to be the number of periods in the planning horizon
(with a gap of 25.61% for T = 20 after two hours of computation).

Figure 4 represents the difficulty of finding optimal solutions, even for instances
of this small size, showing how in the previous experiments the gaps evolved with the
computation times. In all cases, after 30 min, the search seems to be stagnant, making
it clearer how, for a higher number of products, the evolution of the search results is
more difficult.
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Figure 4. Evolution of the gap in the two hours computation time for the different instances tested
changing the value of one parameter. (Base configuration: T = 10; F = 5; M = 3; P = 4).

Table 2. Gap from the optimum solution found after two hours of computation, when the value of
some parameters defining the instance doubles.

Instances/Parameters T P F M Gap

BASE 10 4 5 3 13.03%
T (=20) 20 4 5 3 25.61%
P (=8) 10 8 5 3 42.61%
F (=10) 10 4 10 3 37.70%
M (=6) 10 4 5 6 35.47%

Note: figures in bold represent the parameters whose values have been doubled with respect to the
baseline instance.

5. Conclusions

The relationship among different links in the agri-food supply chain is changing, with
long-term agreements that force new planning procedures to fulfil the demand. In this
paper, a new crop planning problem under fixed and known demand was defined, and
modeled using a biobjective optimization approach that first minimizes cost and then,
allowing for some cost increases, maximizes the geographic diversification of the crops to
reduce local risks. This is the only way to keep the long-term agreements, since reliability
in serving the promised quantities is a hard requirement from the retailers.

To cope with all the characteristics of the problem, the modeling needed was shown
to be of a high complexity. In addition, new constraints could be found in real situations
depending on the characteristics of the company. For instance, when different types of
non-compatible products are sown (i.e., they must be planted apart in different plots), new
parameters and constraints must be included in the model to avoid simultaneously the
closeness between two of such products in adjacent plots. This implies an even higher
complexity and number of variables to be considered in the model.

Therefore, it seems that, for real, very large instances, it is necessary to develop a more
efficient metaheuristic solution method, given the inherent impracticalities in trying to solve
the optimality of such instances. There is some expertise in the use of metaheuristics in
agriculture (see review by [31]). In this case, given the number of variables and constraints
involved, it looks as if the only possible methodology to cope with the complexity of the
problem is the design of new ad hoc procedures to reach good solutions within a reasonable
computation time.
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