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Abstract: Background: The soybean market is representative of the world. Brazil is the largest producer
and exporter of this crop and has low production costs but high logistical costs, which are influenced
mainly by transport costs. Added to these characteristics, the disputed grain supply, the possibility
of crop failure, and the randomness of some parameters that influence the soybean supply chain
make decisions even more challenging. Methods: To mathematically model this problem, we carried
out an analysis of the scientific production related to grain supply chain and the models used to
address the problem, as well as a document analysis and a case study. Results: This paper proposes a
new two-stage stochastic linear programming model with fixed recourse for tactical planning in the
soybean supply chain from the perspective of the shipper under take or pay contracts over a one-year
time horizon. The first-stage variables are the grain purchasing decisions and the volumes of rail
and road transportation hired in advance. The model addresses 243 scenarios derived from four
uncertainty sources: the purchase and sale prices of raw agricultural products on the spot market, the
probability of crop failure, and the external demand. Conclusions: The model is successfully applied
to a soybean trade firm in Brazil with expected gain of US$4,299,720 when using the stochastic model
instead of the deterministic model. The stochastic model protected the firm from take or pay fines
and crop failures, contracting a smaller volume of rail transport than what the company does.

Keywords: soybean supply chain; grain; agriculture; transport; stochastic; uncertainty; optimization;
linear programming

1. Introduction

Soybeans hold a prominent position as one of the primary agricultural commodities
in the global market [1]. Last year, the world’s soybean production reached approximately
359 million metric tons, with 155 million metric tons traded on the international market.
In the lead, Brazil stands out as the largest producer and exporter of this commodity,
contributing 36% of world soy production and 51% of the exported volume [2].

Brazil has favorable conditions for planting crops and low production costs. According
to [3], the country has a soybean production cost 9.2% lower than that of the USA, which is
the second largest producer and exporter of soybeans, and 18% lower than the production
cost of Argentina, which is the third largest exporter and producer. The land values in the
USA and Argentina are two and a half to three times those in Brazil.

Although production cost is an important indicator, the logistical cost in the soybean
supply chain, as with other agricultural commodities, is quite representative [4], at about 30%
of the final value of soybeans, with transport costs averaging 80% of the logistics total cost [5].

Transport is also an important factor in export competitiveness. In the United States, more
grain is transported to ports through barges and rail transport, which have lower costs. In
contrast, transportation by truck at higher cost is more common in South America, including
Brazil, due to the limitations of the network and the low supply of rail transport [3].
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The low supply of rail transport in Brazil and the high price of road transport during
the harvest period force shippers to secure transportation in advance through take or pay
contracts, in which the shipper either takes the transport volume or pays the transporter a
penalty if not used.

Crop failure represents a disadvantage for transport contracts, as it can prevent the
delivery of agreed soybean volumes. Consequently, the shipper may carry less than
the contracted amount, incurring fines. These additional costs further contribute to the
representation of transport costs in the final result. The grain supply chain is susceptible to
several factors that can cause crop failures and have negative impacts [6] on it.

Many deterministic mathematical models have been published for agricultural com-
modities supply chains, as can be seen in [7]. Notwithstanding the advantages of applying
these models to support decision making, deterministic models use estimated values and
averages for the values of the random variables and do not result in better long-term
decision strategies, even when they apply intervals for the analysis of sensitivity [8].

Given that some of the parameters present in agricultural commodities supply chains
are uncertain in nature [9], the research addressed in this paper extends the deterministic
mathematical model presented by [10] and accounts for the stochastic nature of relevant
parameters of this supply chain.

Here, we present some research questions that guided the development of the model: 1.
how to represent the logistic network with its sets of nodes representing the elements that
interact in the system; 2. how to represent the flows of raw materials and products in the
soybean market; 3. how to represent contract and spot market modes of transport; 4. how
to represent take or pay fines and crop failure; 5. how to depict the scenarios considered in
the problem; 6. how to relate the periods of the problem; and 7. what kind of stochastic
model to build.

The scientific contribution of this research is in offering a modeling for take or pay
transportation contracts with payback mechanisms for non-compliance due to crop failure,
considering four sources of uncertainty for the grain: demand, purchase price, selling price,
and crop failure. It is a two-stage stochastic linear programming model for the tactical plan
of the grain supply chain that is multiproduct, multiperiod, and multimodal.

To the best of the authors’ knowledge, there are no published models incorporating
such characteristics for grain in the agri-food supply chain, such as take or pay contracts,
crop failure, and their consequences, as well as no published works on tactical planning of
the grain supply chain from the shipper’s point of view, considering sources of uncertainty.

The model of this paper responds to the following questions of the decision makers:

• The volume of soybeans and rail and road transport to buy in advance as a first
stage variable.

Further, it considers as the second-stage variables:

• The volume of grains to be purchased at their points of origin in the market spot;
• The volumes of road transport to be purchased in the spot market for each origin-

destination pair;
• The volumes to be processed (e.g., for the production of soybean meal and oil) in

each factory;
• The volumes of processed products and grains to be sold; and
• The flow routes.

The great academic motivation for this research was to fill the gap in decision support
models for the grain market, especially the soybean market. This gap includes characteris-
tics that cannot be found in other works, such as take or pay contracts, crop failure, and the
randomness of important chain parameters. The contribution to the business environment
lies in its addressing of the agricultural commodities market, which is very competitive
and important for Brazil.

The remainder of this paper is as follows. Section 2 reviews the literature. Section 3
states the problem. Section 4 presents the logistical network and details the proposed
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model. Section 5 describes the uncertainty scenarios of stochastic programming. Section 6
is an application of the model to Brazil’s soybean supply chain. The conclusion closes the
study in Section 7.

2. Related Works

In this section we present a literature review with the most important works related to
our research. At the end of the review-based section, we summarize the main contributions
of this article.

Mathematical programming models are important tools to support decision making,
as they allow processes to be modeled considering limitations aimed at final optimiza-
tion. According to [11], models force decision-makers to make their objectives explicit,
help identify relationships between decisions, force the identification of variables to be
included and in what terms they will be quantifiable, clarify limitations, and allow for the
communication of ideas and their understanding, facilitating group work.

Among the various processes that can be modeled, supply chain management plan-
ning stands out here. According to [12], this process covers the planning and management
of all activities that are involved in supply and acquisition, conversion, and all logistics
management activities.

When supply chain management is optimized, we understand that less polluting
resources will be used, as in [13]. Since transport freight is directly linked to the traveled
distance, optimal routes will reduce distances. The potential for changing the transportation
mode depends on the size of the shipment and the distance [14], and this goal can be
achieved through a mathematical model.

Furthermore, it is possible to include parameters related to sustainability in a model,
such as the reduction in food waste, either during consumption or during transport;
prioritizing transport with lower pollutant emissions; and taking advantage of routes for
other products, suppliers, and returns. In this sense, ref. [15] proposed a mathematical
model to minimize costs that determines suppliers, factory locations, and the number of
transported parts and products with costs, free trade agreements, and carbon taxes.

The agri-food supply chain encompasses the process of production and delivery of
agricultural products from production to consumption, involving several interconnected
steps. Each participant in this chain faces challenges in carrying out its respective activities,
making it necessary to make complex decisions at all levels of planning [6].

According to [9], decisions under uncertainty are among the main issues of the agri-
cultural sector. The inclusion of uncertain elements has increasingly become significant in
managerial decision-making in the agricultural supply chain, covering operational, tactical,
and strategic planning levels.

This increase can be observed in literature reviews in the area: in [9] 68% of the
contemplated articles published between 2009 and 2015, over a six-year horizon; and 32%
between 1984 and 2008, over a 24-year horizon. The review by [7] agreed with this statistic,
with only 30% of the reviewed works classified as stochastic.

A literature review was performed to identify the characteristics of existing stochastic
decision support models for the grain supply chain. The protocol proposed by [16] was
used, covering “research articles” published in the Science Direct database from 2008 to 2022.
Four searches were performed with the following keywords in all parts of the document
(excluding references): “stochastic” and “agricultural” and “supply chain” and “planning
models” and “grain”, with agri-food being replaced by agricultural and mathematical
model in the place of planning models, for a result of 155 articles for reading.

Among the 155 articles reviewed, only 11 were selected for detailed analysis, as they fit
the objective of the research, that is, that they concerned grains and considered stochasticity
in the mathematical model. Noteworthy here is the exclusion of 30% of articles focused on
the area of biomass and/or biofuel. The selected articles can be viewed in Tables 1 and 2.
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Table 1. Selected articles.

Reference Year Journal Title

[17] 2015 European Journal of Operational Research
A multi-step rolled forward chance-constrained model
and a proactive dynamic approach for the wheat crop

quality control problem

[18] 2015 Journal of Cleaner Production Synthesis of environmentally-benign energy self-sufficient
processes under uncertainty

[19] 2015 European Journal of Operational Research Supply planning for processors of
agricultural raw materials

[20] 2017 Computers & Industrial Engineering
A two-stage stochastic mixed-integer

programming approach to the competition of
biofuel and food production

[21] 2017 Research in Transportation
Business e Management

Scenario analysis of Brazilian soybean exports via discrete
event simulation applied to soybean transportation: The

case of Mato Grosso State

[22] 2019 Advances in Water Resources Stochastic multi-objective modeling for optimization of
water-food-energy nexus of irrigated agriculture.

[23] 2020 Computers and Electronics in Agriculture
A novel hybrid approach for synchronized development

of sustainability and
resiliency in the wheat network

[24] 2021 Computers & Industrial Engineering A stochastic logistics model with dynamic yield prediction

[25] 2021 Information Processing in Agriculture Network design for local agriculture
using robust optimization.

[26] 2021 European Journal of Operational Research Production planning and equity investment decisions in
agriculture with closed membership cooperatives

[27] 2021 Journal of Cleaner Production
Building resilient cities with stringent pollution controls:

A case study of robust planning of Shenzhen City’s urban
agriculture system

Table 2. Selected articles.

Reference Grain Decision
Maker Uncertainty Modeling Nature of

Uncertainty Planning Level

[17] Wheat Producer Chance Constrained Model Weather Tactical

[18] Grains, among
others Shipper Stochastic Mixed Integer Linear

Programming/Dynamic
Solar radiation and

demand Tactical

[19] Linseed Shipper Two-Stage Stochastic Mixed
Integer Linear Programming

Quality, supply,
and selling price Tactical

[20] Corn Producer Two-Stage Stochastic Mixed
Integer Linear Programming

Harvest price
and yield

Tactical and
Operational

[21] Soybean Shipper Simulation

Capacity of ports,
supply, demand,

and capacity
of roads

Strategic

[22] Rice, corn, and
soybean Planner

Fuzzy Multi-Objective
Programming Model and

Stochastic Chance-Constrained
Programming

Water availability Strategic

[23] Wheat Planner
Multi-Objective Model

Hybrid Stochastic Fuzzy-Robust
Programming

Quantity of wheat,
demand for Flour Strategic

[24] Sugarcane Producer
Stochastic programming with

Simple Recourse, Dynamic
Updates, and Heuristics

Yield of sugarcane Tactical

[25] Grains, among
others. Planner A Robust Optimization (RO)

Mixed Integer Linear Program

Variability in
the production

of plants
Strategic
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Table 2. Cont.

Reference Grain Decision
Maker Uncertainty Modeling Nature of

Uncertainty Planning Level

[26] Grains, among
others. Farmer Stochastic Dynamic Programming Yield, sales prices Tactical

[27] Grains, among
others. Planner Robust Optimization Economic benefit Strategic

Table 1 presents the authors, year, journal titles, and article titles of the reviewed
articles. Although the review covers the period between 2009 and 2022, 36% are 2021,
which indicates a significant increase in mathematical models considering stochasticity.
Table 2 presents the characteristics researched in the works, among them the type of grain,
the point of view from which the model is applied, the type of model used, the uncertain
parameters contemplated, and the level of planning of the model.

The articles contemplated in this review, presented in Table 2, were grouped by
similarities and are described below.

Regarding the articles studied that contemplated dynamic processes, [17] presented a
cost minimization model of the “chance constrained” type of tactical planning from the point
of view of the wheat farmer (producer) for the multifaceted problem of the period of wheat
quality control during the harvest under the uncertainty of the climate, mainly rainfall. The
model performs dynamic stochastic programming with probabilistic constraints. It can be
used for products that must be harvested before or after an established ripeness.

Additionally for this area [18], proposed a multi-objective mixed integer linear program-
ming model for a dynamic food supply chain, considering the uncertainties of demand and
solar radiation and proposing a more sustainable supply chain. The sustainable synthesis of a
company’s network was designed with regard to the integration of renewable sources, such
as biomass, other residues, and solar energy. The solutions obtained were for maximum profit,
reflecting ever-changing dynamic market conditions and protecting the environment.

For two-stage stochastic programming models, [19] proposed a revenue maximization
model of the two-stage stochastic mixed integer programming type for the supply chain of
industries that use agricultural raw materials as production inputs. Uncertain parameters were
the selling price of the product and the quality and quantity of inputs. The work used Cplex
as a solver. The first stage decisions were the planting area to be contracted and the additional
amount of raw material to be contracted in advance. The model was run with 180 scenarios.

Ref. [20] presented a two-stage mixed integer programming stochastic model for the corn
supply chain that maximizes return on sales minus costs by considering environmental effects,
such as greenhouse gas emissions, carbon sequestration, soil erosion, and nitrogen leakage
into water. The stochastic parameters are prices and harvest yields. The first stage variables
are binary and determine land allocation for specific crops, while the second stage variables
are for operational decisions. Benders’ cutting algorithm was used to solve this problem.

For soybean, [21] analyzed via discrete simulation the flow of soy from the state of Mato
Grosso. Four scenarios were built, diversifying the transport flow alternatives, port capacities,
and volume received in foreign destinations. The port of Vitória proved to be the most apt
to receive soy when there was no adequate capacity restriction placed on it, indicating that
investments in infrastructure could be made for this flow at a lower cost. Verification was
provided of the best route and port for transporting soy from a region of Brazil.

Regarding multi-objective functions, in addition to [18], as already mentioned, [22]
allocated limited water, energy, and land resources to different crops in different regions to
obtain optimal comprehensive benefits, using multi objective function, random-boundary
interval, and fuzziness. [23] proposed a multi-objective model for the design of the wheat
supply chain network, comprising multiple suppliers, existing silos, candidate sites to
establish silos, flour mills, and demand zones, including social impact and resilience using
hybrid fuzzy stochastic robust programming.
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Ref. [24] built a model to maximize return on harvest minus costs, considering migrant
seasonal labor planning for sugarcane harvesting and yield uncertainty. The objective of
this research was to determine the optimal flows of migrant workers from multiple sources
to multiple fronts to maximize the expected total contribution subject to worker availability
at each origin through a stochastic logistic model.

For small farmers, [25] proposed a robust optimization model for an optimal network
for delivering agricultural products from farms to regional hubs to the central hub using
robust optimization minimizing the ton-miles traveled, considering uncertainty in agri-
cultural production. The solver used was GAMS/CPLEX. [26] built a heuristic to verify
the economic viability of farmers’ participation in cooperatives, and among the decision
variables were to join a closed-membership agricultural cooperative and the number of
initial shares, as well as the production capacity, production planning, equity investment,
and production capacity.

Using robust optimization, [27] also developed a decision support tool that could
help decision makers to formulate robust economic development plans within stringent
pollution control programs.

With regard to the models developed for the soybean supply chain, in addition to
the deterministic mathematical model from [10], as already mentioned, ref. [4] created
an equilibrium model to optimally allocate soy from origin to destination, considering
Brazilian supply and export demand using a constrained gravity model. It is important to
highlight that the model of [4] contemplates a general point of view of Brazil and not of a
stakeholder in the chain, such as the shipper, and it does not consider stochastic parameters.

Similarly, also for the level of strategic planning, [21] found the lowest cost routes for
shipping soybeans. However, they considered a region of Brazil as the origin, depicting the
model from the perspective of the shipper and using simulation as a decision support tool.

Regarding similarities and opportunities raised in the literature review, only two
articles contemplated two-stage stochastic programming models. Both used integer pro-
gramming, which increases the complexity of solving problems [28], making it difficult to
increase the number of scenarios, that is, more possibilities for variation in stochastic vari-
ables. The model presented in this work, in addition to being a type of two-stage stochastic
programming, is linear and is solved in a matter of seconds, facilitating its operation and
use and filling a research gap.

Regarding the uncertain parameters most contemplated in the models, weather, price,
and yield appeared the most, aligned with review of [9]. Despite advancements in tech-
nology and other fronts, weather and climate influence agricultural systems. Changing
climate variables can substantially affect crop yields [29].

In this research, we consider as sources of uncertainty the following: the purchase and
sale prices of agricultural raw materials on the spot market, the probability of crop failure, and
external demand, with the weather indirectly contemplated for the forecast of crop failure.

Briefly, to the best of our knowledge, we did not find in the literature decision support
models for the grain chain that contemplated the possibilities of crop failure and contracts
in advance with the take or pay railway model, which are typical problems faced in Brazil’s
grain harvests. In addition, unlike many models that were researched for other grains,
such as those reported in Table 1, the proposed model is of the linear programming type,
allowing for a quick solution with a large number of variables.

In addition, specifically for the soybean or corn production chain of important agri-
cultural commodities, we did not find any research optimizing the process by considering
uncertain parameters.

3. Problem Description and Methods
3.1. Problem Description

The supply of soybeans in Brazil falls short of the demand in the international market [1].
As a farmer’s strategy, soybeans are offered for pre-sale approximately one year before harvest.
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During this period, shippers try to guarantee most of the desired quantities of soybeans, given
the risk of possible unavailability in the spot market throughout the year.

The decision process begins with purchasing soybeans from producers. The shipper
can buy in advance via contracts, with fixed prices, or on the spot market with stochastic
prices. In this sense, the problems that the shipper has is to solve are whether a purchase is
anticipated, the purchase place, and the volume to be purchased.

One dilemma the shipper faces is related to crop failure. Crop failure is when a farmer’s
expected volume of soybeans is not achieved. Such an outcome is usually unexpected and
may occur for various reasons, such as pest activity or excess or rain shortage. According
to [6], climate significantly affects farmer productivity and harvests, including due to
rainfall variability, drought, pests, and environmental problems.

In the case of crop failure, as in other fortuitous cases, neither the shipper nor the
supplier is responsible. The volume contracted in advance is not actually provided to the
shipper, making its true product volume differ from its estimates, and it must bear the
consequences. This phenomenon is typically stochastic and is included in the mathematical
model that we present here. In this context, [30] analyzed the grain market in a post-
disaster situation and developed a structural equation model to simulate the behavior
of two echelons (distributor and retailers) of the grain supply chain to promote supply
recovery and maximize profits.

Regarding transport, the contracts between shippers and carriers are established over
a minimum one-year horizon because of the low supply of transport available during the
soybean harvest season. Failure to use the contracted transport volume results in fines for
shippers. The annual contracts established by shippers, rail, and road companies are of the
“take or pay” type.

Such contracts are subdivided into volumes for each monthly period and for each route
that must be satisfied by both parties. Some percentage of failure of service is permitted for
both parties. For any volume that has not been met, a fine is applied that is equal to the
accorded fare for that period and for that route multiplied by a percentage. The shipper
can also purchase transport on the spot market in the case of road transport only. In the
case of rail transport, there is no supply available for sale on the spot market during the
harvest period.

Concerning silos and warehouses, the following constraints are relevant: the input and
output storage capacities for soybeans and processed products; the storage costs, including
the costs of handling into and out of the warehouse; the opportunity cost; the rent of the
leased warehouse; and the safety stock. In Brazil, there is a lack of storage capacity for
grain [31], negatively influencing the flow in the soybean chain. Grain storage facilities in
this country face great pressure to keep up with increased production [32].

Soybeans can be sold as grain, with a stochastic price on the spot market, or they can
be processed to produce meal and soybean oil. Factories, warehouses, silos, transshipment
points, and ports are each subject to capacity constraints for storage and for the inputs and
outputs of grains, meal, and soybean oil. For factories, we consider the processing capacity,
and for ports, we consider the export capacity.

Thus, a shipper in a chain of an agricultural commodity with the demand being greater
than the supply and a shortage of low-cost transport must decide in advance the volumes
of grain and road and rail transportation that need to be contracted before the harvest. This
need should be aligned with the tactical planning of the supply chain of the grain, which
also provides the following information: the amount that should be purchased during the
harvest; the grain volume to be transformed into oil and bran; the quantity to be sold; and
the places of purchase, sale, processing, and flow routes.

3.2. Method

This research can be classified as applied, exploratory, and quantitative. We used a
literature review, a document analysis, and a case study as technical procedures. Regarding
data collection instruments, we used semi-structured interviews, direct observation, and
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document analysis. The acquired input was used to construct a mathematical model to
help solve the aforementioned problem.

The systematic and narrative literature reviews aimed to identify the types of models and
uncertain parameters that have been used in the state-of-the-art literature to solve this type of
problem. More details about the systematic review can be obtained in Section 2 of this article.

According to [33], the stages of a mathematical programming study consist of defini-
tion of the problem; construction, solution, and validation of the model; implementation of
the solution; and final evaluation.

The proposed model considers that some decisions must be made without complete
information about random events that influence the model. These decisions are made
during the first stage. Later, using information received regarding the realization of random
vectors, such as crop failure, purchase and sale prices, and foreign market demand, suitable
corrective actions are determined in the second stage. Therefore, this model is characterized
as a two-stage stochastic programming problem with recourse.

The classical problem of two-stage stochastic programming with recourse, which was
introduced by [34], can be formulated as follows [35]:

Min z(x, ξ)= cTx + E[Q(x, ξ)], s.t.Ax = b, x ≥ 0 (1)

where Q(x, ξ) = min
{

qTy
∣∣∣Wy = h− Tx, y ≥ 0

}
(2)

x ∈ R
n1
+ , y ∈ Rn2

+ (3)

In this model, x ∈ R
n1
+ is the vector of the decision variables from the first stage, which

must be fixed before the random values become known; and y ∈ Rn2
+ is the vector of the

second-stage variables, which can be called recourse actions, corrective actions, or control
decisions and are determined after the realization of the random variables. The optimal
value for y depends on the decisions made in the first stage and the realization of the
random variables.

Moreover, c ε Rn1 is the cost vector for the first stage, A ε Rm1×n1 is the coefficient
matrix for the first stage, and b ε Rm1 represents the number of resources available when
the model represents a resource allocation problem. These parameters apply to the first
stage and are therefore deterministic.

In the second stage, ξ is the random vector that influences the vectors of variables
q, h, and T. For each realization of a random-event data point in the second stage of the
problem, q ε Rn2 , h ε Rm2 , and TεRm2×n1 become known. Each component of q, h, and T
is then a possible random variable with a known probability distribution. In this model,
q ε Rn2 is the cost vector for the second stage, and W ε Rm2×n2 is the coefficient matrix for
the second stage (called the recourse matrix).

It is assumed that the random vector ξ has a finite number of possible realizations
ξ1, ξ2, ξ3 . . . .ξs, with the corresponding probabilities p1, p2, p3 . . . .ps. Thus, the expected
value E[Q(x, ξ)] can be written as the following sum:

E[Q(x, ξ)] =
S

∑
s=1

psQs(x, ξs) (4)

Under the assumption of a discrete model, the problem can be described as follows:

Minz(x, ξ) = cTx +
S

∑
s=1

psQs(x, ξs), s.t.Ax = b, x ≥ 0 (5)

where Qs(x,ξs) is the optimal value of the second-stage problem for each realization, ct is the
transposition of the vector c, and s = 1, 2, 3 . . . S. In the first stage, the decisions regarding the



Logistics 2023, 7, 49 9 of 26

vector x should be made before the uncertainties are realized. The vector x will thus be the
same for all possible events that may occur in the second stage of the problem [35].

In the second stage, in which the information regarding the random vector ξ is already
available, the decisions regarding the values of vector y are made. According to [36],
recourse models can be classified as fixed, relatively complete, or simple recourse models
depending on the type of recourse matrix used. The model developed in this paper is a fixed
recourse model, meaning that the matrix of the second-stage coefficients is deterministic.

In an applied way, this research’s model responds to the decision maker, the volume
of soybeans, and the rail and road transport to buy in advance as the first stage variables
and the volume of grains to be purchased at their points of origin in the market spot, the
volumes of road transport to be purchased in the spot market for each origin–destination
pair, the volumes to be processed (e.g., for the production of soybean meal and oil) in each
factory, the volumes of processed products and grains to be sold, and the flow routes as the
second stage variables.

The proposed model compares favorably with the other models described in Table 1
and offers several unique features. First, it is the only model in the extant literature that
simultaneously addresses the following four sources of uncertainty: the purchase and sale
prices of commodities, the probability of crop failure, and international demand. Second,
in addition to being a multi-product model, it is also a multimodal and multi-period model.
Third, it considers the specific characteristics of take or pay transport contracts. Fourth, it
incorporates payback mechanisms for contractual non-compliance due to crop failure.

4. Mathematical Model

This section presents the logistic network and the stochastic model based on the
logistic network.

4.1. The Logistics Network

The soybean logistics network is made up of the origin set, with the soybean supply
(O), the warehouse (X), the port (D), the internal market (H), the soybean meal and oil
processing plant (F), and the transshipment point (B).

Figure 1 shows the logistics network that was used to build the mathematical model.
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Figure 1. Logistic network of the model.

The network components described below, which correspond to those shown in
Figure 1, were used to develop the mathematical model proposed in this paper. Consider
the network G = (N,A), which consists of sets of nodes N and directed arcs A. The set of
nodes is subdivided into eight subsets as follows.

O is the set of nodes representing the origins; X is the set of nodes representing the
warehouses; B is the set of nodes representing the points of transshipment; F is the set of
nodes representing the factories; H is the set of nodes representing the internal market; D is
the set of nodes representing the destination ports for exporting to the foreign market; V is
the set of nodes representing the points of sales, i.e., the union of sets H and D; S is the total
set of nodes that have local inventory for products; and Z is the union of sets B, F, X, and D.
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The origins’ nodes O EN represent the grain growers. Three virtual nodes, ∈ NVj (set
of virtual nodes of node j), were created for each node j of set O. The sets of virtual nodes
were defined as follows: OC(∀j ∈ O), O1(∀j ∈ O), and OS(∀j ∈ O) j. The set OC(∀j ∈ O)
represents, for each node j ∈ O, a possible region of grain purchase under contract. The
set O1(∀j ∈ O) represents for each node j ∈ O a virtual place of destination to return the
money spent by the shipper with the volume of grain that was not delivered due to crop
failure, and OS(∀j ∈ O) represents the grain purchase region in the spot market associated
with node j ∈ O.

4.2. Stochastic Model

The proposed model is a linear stochastic programming model with two stages and a
fixed recourse structure. It is also multi-period, multi-modal, and multi-product in nature.

The purpose of the model is to support the decision-making process for a shipper
while maximizing its profit, which is defined in this study as the difference between the
revenue gained from the sales of all products and subproducts and the costs incurred for
purchase, storage, transport, and processing, as well as contractual penalties.

Table 3 summarizes the sets and subsets considered in the model, Table 4 summarizes
the variables, Table 5 presents the model parameters, Table 6 presents the objective function,
and Table 7 presents the constraints of the proposed model.

Table 3. Table of sets.

Sets Name

N Set of Nodes
O ⊂ N Origins
X ⊂ N Warehouses
B ⊂ N Transshipments
F ⊂ N Plants
V ⊂ N Selling Points
H ⊂ V Internal Market
D ⊂ V Port
S ⊂ N Stocks

Z Products
P ⊂ Z Grain
K ⊂ Z Processed Products

M Set of Transport Modes
CM ⊂M Transport Contracts
SM ⊂M Transport on the Spot Market
R ⊂ CM Road Transport by Contracts
Q ⊂ CM Rail Transport by Contracts
RS ⊂ SM Road Transport on the Spot Market

C Scenarios Set
T Set of Periods

NV(j∈O) Set of Virtual Nodes
OC(j∈O) ⊂ NV(j∈O) Origin C
O1(j∈O) ⊂ NV(j∈O) Origin 1
OS(j∈O) ⊂ NV(j∈O) Origin S

Table 4. Table of variables.

Variables Definition

First Stage

VToPVi,j,t,g
Volume of the performed take or pay contract in arcs (i, j) for road or
rail transport modes.

VCAOCj∈O ,p,t Volume of grain purchased in advance during the first stage.
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Table 4. Cont.

Variables Definition

Second Stage
Auxi,j,g,t,c Auxiliary variable for the take or pay fine in transportation contracts.
VFi,j,z,t,m,c Physical flow of products in the arcs (i, j).
VEi∈S,z,t,c Volume of stored products in places with warehouses.
VPi∈F,p,t,c Volume of grain to be processed at every factory.

VCSOSj∈O ,p,t,c Volume of grain purchased on the spot market monthly.

VCSSOSj∈O ,p,t,c
Volume of grain purchased at a price greater than normal to supply an
occasional lack of supply to the shipper. Auxiliary variable.

VVSi∈V,z,,t,c Sales of products on domestic and foreign spot markets.
VVSPi∈d,p,t,c Sales of grain on the foreign spot market.
DFO1j∈O ,p,t,c Stochastic forced demand-auxiliary variable

VFVCOCj∈O ,O1j∈O ,p,t,c
Virtual flow of grain in the arcs formed by artificial nodes
OC (j ∈ O ) and O1(j ∈ O ).

VFV1O1j∈O ,j∈O,p,t,c
Virtual flow of grain in the arcs formed by artificial nodes
O1 (j ∈ O ) and node (j ∈ O )

VFVSOSj∈O ,j∈O,p,t,c
Virtual flow of grain in the arcs formed by artificial nodes
OS (j ∈ O ) and node (j ∈ O )

VFVCVO1j ,OCj ,p,t,c

Virtual flow of grain in the arcs formed by artificial nodes O1 (j ∈ O)
and node OC (j ∈ O ), corresponding to what is not generated in the
system due to crop failure.

Table 5. Table of parameters.

Parameter Definition Parameter Definition

OFSj∈O,p,t
Supply of grain for purchase

on the spot market. PTIi∈X Handling cost (input)

OAj∈O,p,t Volume of grain already in the system PTOi∈X Handling cost (output)

OPj∈O,p,t
Maximum grain volume that can be

purchased during the first stage CAIi∈S,z,m Capacity in warehouses (input)

ONPj∈O,p,t
Minimum volume of grain that can be

purchased during the first stage CAOi∈S,z,m Capacity in warehouses (output)

DAi∈V,z,t
Volume of products already

sold in the system CAIPd,z,t
Flow capacity of export products

z in port (d)

DMi∈V,z,t Maximum demand CAESMp, f
Grain crushing capacity

at the factory

DNi∈V,z,t Minimum demand PPRi∈F,p
Grain processing cost

for each factory

PCAj∈O,p,t
Grain price for purchase

during the first stage YLi∈F,p,k
Yield of the GRAIN conversion
process in processed products

PCSSj∈O,p,t

Price of grain in the artificial market
with above average value, to be
multiplied by the VCSS variable

MPi,j,g
Penalty in % of the unused volume

in relation to the contracted

RKi∈V,k,t Selling price of processed products MFi,j,g

Minimum percentage of use of the
contracted transport volume during
the first stage to have no penalty fee

RDAj∈O,p,t Forced demand price TENi∈B Loss rate at the transshipment point

Fi,j,z,t,g
Rate value in arcs (i, j) for contracts

signed in the first stage PRc
Probability of occurrence

of Scenario c

FRSi,j,z,t,rs
Rate value in arcs (i, j) in

the spot market VMPQSAO1j∈O, j ∈ O,
p, t, c

Percentage of volume of passage
allowed according crop failure

prediction (stochastic)

EIi∈S,z Initial inventory RPESi∈D,p,t,c
GRAIN sales price in the

port (stochastic)
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Table 5. Cont.

Parameter Definition Parameter Definition

EFi∈S,z Final inventory PCSj∈O,p,t,c
GRAIN purchase price on the spot

market (stochastic)

ESi∈S,z Safety inventory VMPQSOS(j∈O), j ∈ O,
p, t, c

Volume of passage allowed
according to crop failure prediction.

The arc A(OS(j), j) has passage
restriction. (stochastic)

CAEi∈S,z Inventory capacity DMEPAp,c
Maximum annual GRAIN external

demand (stochastic)

PEi∈S,z,t Inventory cost Vmin
Minimal percentage associated with
the average volume in the take or

pay contract

PEPAi∈X,t Warehouse space rental cost Vmax
Maximal percentage associated

with the average volume in the take
or pay contract

Table 6. Objective function.

MAXIMIZE:

(6)

1◦ Stage

− ∑
j∈O

∑
p∈P

∑
t∈T

VCAOCj ,p,t ∗ PCAj,p,t
Expenditures of purchasing volumes of

Grain during the first stage.
2◦ Stage

+ ∑
c∈C

PRc ∗ {
Probability of occurrence

of each scenario.

∑
j∈O

∑
p∈P

∑
t∈T

DFO1j ,p,t,c ∗ RDAj,p,t

Revenue paid back to the shipper due
to the volume purchased but not
delivered because of crop failure.

+ ∑
i∈V

∑
k∈K

∑
t∈T

(
VVSKi,k,t,c ∗ RKi,k,t

) Revenue obtained from selling
processed products on the external

market in all periods.

+ ∑
i∈D

∑
p∈P

∑
t∈T

(
VVSPi,p,t,c ∗ RPESi,p,t,c

) Revenue obtained from selling raw
products on the external spot market

with the stochastic price.

−
(

∑
i∈N

∑
j∈N

∑
p∈P

∑
cm∈CM

∑
t∈T

MFi,j,cm ∗VToPVi,j,cm,t − Auxi,j,cm,t,c

)
∗

Fi,j,p,cm,t ∗MPi,j,cm

Fine collection by rail mode when the
shipper does not use the minimal

contracted volume allowed.

− ∑
i∈N

∑
j∈N

∑
z∈Z

∑
t∈T

∑
cm∈CM

(
VFi,j,z,t,cm,c ∗ Fi,j,z,t,cm

) Cost of transport by all modes in CM in
arc (i,j) over period t for the contracts in

the first stage.

− ∑
i∈N

∑
j∈N

∑
z∈Z

∑
t∈T

∑
sm∈sm

(
VFi,j,z,t,sm,c ∗ FRSi,j,z,t,sm

) Cost of transport in SM in arc (i,j) over
period t for the contracts on

the spot market.
− ∑

i∈S
∑

z∈Z
∑

t∈T

(
VEi,z,t,c ∗ PEi,z,t

)
Inventory cost

− ∑
i∈X

∑
z∈Z

∑
t∈T

(
VEi,p,t,c ∗ PEPAi,t

)
Cost of third-party warehouse

− ∑
i∈N

∑
j∈X

∑
p∈P

∑
t∈T

∑
m∈M

(
VFi,j,p,t,m,c ∗ PTI j

)
Handling cost at warehouse entrance.

− ∑
i∈X

∑
j∈N

∑
p∈P

∑
t∈T

∑
m∈M

(
VFi,j,p,t,m,c ∗ PTOi

)
Handling cost at warehouse exit.

− ∑
i∈F

∑
p∈P

∑
t∈T

(
VPi,p,t,cPPRi,p

)
Grain processing cost.
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Table 6. Cont.

MAXIMIZE:

− ∑
j∈O

∑
p∈P

∑
t∈T

(
VCSOS(j),p,t,c ∗ PCSj,p,t,c

) Stochastic purchase cost for grain on
the spot market

− ∑
j∈O

∑
p∈P

∑
t∈T

(
VCSSOS(j),p,t,c ∗ PCSSj,p,t

) Purchase cost of p greater than the
average price (artificial

auxiliary variable)
} Equation (6)

Table 7. Table of Constraints.

Constraints

VFVCOCj ,O1j ,p,t,c = VCAOCj ,p,t
∀j ∈ O, p ∈ P, t ∈ T, c ∈ C (7)

ONPj,p,t ≤ VCAOCj ,p,t ≤ OPj,p,t (8)
∀j ∈ O, p ∈ P, t ∈ T, c ∈ C

DFO1j ,p,t,c = VCAOCj ,p,t −
(

VMPQSAO1j ,j,p,t,c ∗VCAOCj ,p,t

)
(9)

∀j ∈ O, p ∈ P, t ∈ T, c ∈ C
VFVCVO1j ,OCj ,p,t,c = DFO1j ,p,t,c (10)
∀j ∈ O, p ∈ P, t ∈ T, c ∈ C

VFV1O1j ,j,p,t,c = VFVCOCj ,O1j ,p,t,c − DFO1j ,p,t,c (11)
∀j ∈ O, p ∈ P, t ∈ T, c ∈ C

VFVSOSj ,j,p,t,c ≤ OAj,p,t + VCSOSj ,p,t,c + VCSSOSj ,p,t,c (12)
∀j ∈ O, p ∈ P, t ∈ T, c ∈ C

VCSOSj ,p,t,c ≤ OFSj,p,t (13)
∀j ∈ O, p ∈ P, t ∈ T, c ∈ C

VFVSOSj ,j,p,t,c ≤ VMPQSOSj ,j,p,t,c + VCSSOSj ,p,t,c (14)
∀j ∈ O, p ∈ P, t ∈ T, c ∈ C

VFV1O1j ,j,p,t,c + VFVSOSj ,j,p,t,c + ∑
i∈N

∑
m∈M

VFi,j,p,t,m,c = ∑
l∈N

∑
m∈M

VFj,l,p,t,m,c (15)

∀j ∈ O, p ∈ P, t ∈ T, c ∈ C
∑

i∈N
∑

m∈M
VFi,j,k,t,m,c = ∑

l∈N
∑

m∈M
VFj,l,k,t,m,c (16)

∀j ∈ O, k ∈ K, t ∈ T, c ∈ C
Auxi,j,t,cm,c ≤ ∑

z∈Z
VFi,j,z,t,cm,c (17)

∀i ∈ N, j ∈ N, cm ∈ CM, t ∈ T, c ∈ C
Auxi,j,t,cm,c ≤ MFi,j,cm ∗VToPVi,j,t,cm (18)
∀i ∈ N, j ∈ N, cm ∈ CM, t ∈ T, c ∈ C

∑
z∈Z

VFi,j,z,t,cm,c ≤ VToPVi,j,t,cm (19)

∀i ∈ N, j ∈ N, cm ∈ CM, t ∈ T, C
Vmin ∗ ∑

t∈T
VToPVi,j,t,q ≤VToPVi,j,t,q ≤ Vmax ∗ ∑

t∈T
VToPVi,j,t,q (20)

∀i ∈ N, j ∈ N, t ∈ T, q ∈ Q
∑

i∈N
∑

m∈M
VFi,j,p,t,m,c + VEj,p,t,c = ∑

l∈N
∑

m∈M
VFj,l,p,t,m,c + VEj,p,t+1,c (21)

∀j ∈ X, p ∈ P, t ∈ T, c ∈ C
∑

i∈N,m∈M
VFi,j,z,t,m,c + VEj,z,t,c = ∑

l∈N,m∈M
VFj,l,z,t,m,c+VEj,z,t+1,c + ∑

i∈N,m∈M
VFi,j,z,t,m,c ∗ TEN j (22)

∀j ∈ B, z ∈ Z, t ∈ T, c ∈ C
∑

i∈N
VFi,s,z,t,m,c ≤ CAIs,z,m (23)

∀s ∈ S, z ∈ Z, t ∈ T, m ∈ M, c ∈ C
∑

j∈N
VFs,j,z,t,m,c ≤ CAOs,z,m (24)

∀s ∈ S, z ∈ Z, t ∈ T, m ∈ M, c ∈ C
VEs,z,t,c ≤ CAEs,z (25)

∀s ∈ S, z ∈ Z, t ∈ T, c ∈ C
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Table 7. Cont.

Constraints

VEs,z,t,c = EIs,z (26)
∀s ∈ S, z ∈ Z, t = 1, c ∈ C

VEs,z,t,c ≥ ESs,z (27)
∀s ∈ S, z ∈ Z, t ∈ T/t 6= 1, c ∈ C

∑
i∈N

∑
m∈M

VFi,j,k,t,m,c = DAj,k,t + VVSK j,k,t,c (28)

∀j ∈ H, k ∈ K, t ∈ T, c ∈ C
DNi,k,t ≤

(
VVSKi,k,t,c + DAi,k,t

)
≤ DMi,k,t (29)

∀i ∈ H, k ∈ K, t ∈ T, c ∈ C
∑

i∈N
∑

m∈M
VFi,j,p,t,m,c + VEj,p,t,c = DAj,p,t + VVSPj,p,t,c + VEj,p,t+1,c (30)

∀j ∈ D, p ∈ P, t ∈ T, c ∈ C
∑

i∈N
∑

m∈M
VFi,j,k,t,m,c + VEj,k,t,c = DAj,k,t + VVSK j,k,t,c + VEj,k,t+1,c (31)

∀j ∈ D, k ∈ K, t ∈ T, c ∈ C
∑

p∈P
DAi,p,t + VVSPi,p,t,c ≤ CAIPi,p,t (32)

∀i ∈ D, t ∈ T, c ∈ C
DAi,k,t + VVSKi,k,t,c ≤ CAIPi,k,t (33)
∀i ∈ D, k ∈ K, t ∈ T, c ∈ C

DNi,k,t ≤
(
VVSKi,k,t,c + DAi,k,t

)
≤ DMi,k,t (34)

∀i ∈ D, k ∈ K, t ∈ T, c ∈ C
DNi,p,t ≤

(
VVSPi,p,t,c + DAi,p,t

)
≤ DMi,p,t (35)

∀i ∈ D, p ∈ P, t ∈ T, c ∈ C
∑

i∈D
∑

t∈T
VVSPi,p,t,c + ∑

i∈D
∑

t∈T
DAi,p,t ≤ DMEPAp,c (36)

∀p ∈ P, c ∈ C
∑

i∈N
∑

m∈M
VFi,j,p,t,m,c + VEj,p,t,c = VPj,p,t,c + VEj,p,t+1,c (37)

∀j ∈ F, p ∈ P, t ∈ T, c ∈ C(
VPi,p,t,c ∗YLi,p,k

)
+ VEi,k,t,c = ∑

j∈N
∑

m∈M
VFi,j,k,t,m,c + VEi,k,t+1,c (38)

∀i ∈ F, p ∈ P, k ∈ K, t ∈ T, c ∈ C
VPi,p,t,c ≤ CAESMi,p (39)
∀i ∈ F, p ∈ P, t ∈ T, c ∈ C

(VToPV, VCA, Aux, VF, VE, VP, VCS, VCSS, VVSK, VVSP, DF, VFVC, VFV1, VFVS, VFVCV) ∈ R+ (40)

The constraints in Table 7 can be detailed as follows. Constraint (7) shows that the total
virtual flow between node OCj∈O and O1j∈O is equal to the total volume of grain purchased
in advance during the first stage of decision-making. Constraint (8) indicates the minimum
and maximum grain purchase allowed. Constraint (9) defines the value that the shipper will
receive back, corresponding to the volume of grain that is not delivered due to crop failure.
Constraint (10) represents the mass balance returning to node OCj∈O, that is, the flow that was
not sent to j ∈ O due to capacity constraintd related to crop failure. Constraint (11) ensures
that the volume originally purchased in advance by annual contract that will continue in the
process will be discounted from the volume corresponding to crop failure.

Constraint (12) indicates that the flow volume from origin OSj∈O during period t is
equal to the amount that already exists plus the volume purchased on the spot market.
Constraint (13) shows that the volume of p purchased on the spot market in each period t
from each origin OSj∈O is less than or equal to the maximum volume offered in that period.
Constraint (14) shows that the flow of grain that remains in the system originating from
node OSj∈O is less than or equal to the estimated restricted capacity in arc (OSj, j). The arc
capacity indicates the volume of the crop that did not fail and was actually produced. The
VMPQSOSj ,j,p,t parameter indicates the expected volume of grain, already discounting the
expected volume of crop failure.

Furthermore, Equation (15) establishes the flow balance in node j ∈ O for grain. Con-
straint (16) shows the flow balance for processed products. Constraints (17) and (18) represent
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the contractual fines for the rail and road modes, respectively. Expression (19) defines the
allowed passage volume by road or rail via annual contract, which is the largest volume
contracted for that mode of transport, defined in the first stage by the VToPVi,j,g,t variable.

Constraint (20) states that the volume used for each section of route in each period
(e.g., volume contracted with railway in advance) must be within a given range. In the
case of soybeans, it must be lower than 140% (Vmax) and higher than 60% (Vmin) of the
monthly average volume transported. Equations (21) and (22) establish flow balances in
silos and at transshipment points, respectively.

The following expressions provide for entry input (23), output (24), and storage
capacities in warehouses (25). Equation (26) shows that the existing volume in each
warehouse during the first period is equal to the initial stock. Constraint (27) states that
the volume stored in each period in each warehouse must be greater than the safety stock
volume, as defined by the shipper.

Everything that comes to the internal processed market must be equal to the volume sold in
advance over what was sold over the model. This model constraint is represented by Equation (28).
Constraint (29) shows that the total volume sold on the domestic market of processed products
must be between a minimum and maximum value, as defined by the shipper.

For each grain and processed product, Equations (30) and (31), respectively, show
that every volume that arrives at the port plus what was stored should be equal to the
pre-existing sale (sold before the beginning of the planning period) plus both what was
sold during the period and what will be stored for the subsequent month. The quantities
destined to each port must be less than the flow capacity of this port, which can be seen in
Constraint (32) for grain and in Constraint (33) for processed products.

The amount of grain or processed products sold monthly should be between the min-
imum and maximum demand values, which can be viewed in Constraints (34) and (35),
respectively. Constraint (36) indicates that the total quantity sold throughout the year plus the
pre-existing sale must be less than or equal to the annual stochastic demand. Equation (37)
shows the grain flow balance in the factory. The volume arriving over what was in stock is
equal to the volume stored for the subsequent period plus the volume processed.

Equation (38) shows that the volume of grain processed in each factory is converted
into processed products, according to a constant yield YLi,p,k. Soybean is assumed to have
a YLi,p,k of 0.73 to meal and 0.19 to oil. Constraint (39) indicates the constraint for each
plant’s processing capacity, and finally, Expression (40) restricts the variables to being
non-negative.

5. Scenarios Tree

The stochastic parameters considered in the model were selected considering the
importance of these parameters in the management of the soybean supply chain, obtained
through the responses to interviews conducted with specialists, the existence of reliable
historical data, and the computational restrictions.

The semi-structured interviews were conducted with the directors of the logistics and
commercial areas of a large soybean trading company, constituting the case study of this
work, with the director of the grain area of the largest railway transport company in Brazil
and with two suppliers of soybean, corn, and sorghum.

The selected stochastic parameters were the following: demand for the grain (soybean),
purchase price of the grain (soybean) in the spot market, selling price of the grain (soybean),
and crop failure (soybean crop). Some other parameters, such as the possibility of breach of
contract by road companies and the price of road transport in the spot market, although
considered deterministic in this work, are highly unpredictable’ however, due to the lack of
reliable data, they were not considered as stochastic.

In this study, historical series were used to obtain the probability of random events.
The historical series were obtained through the Brazilian Association of Vegetable Oil
Industries [37] and the Brazilian Institute of Geography and Statistics [38].
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For scenario generation, this work follows [39] using time series, statistical distribu-
tions, and expert opinions. There are many methods for building scenario sets and scenario
trees with respect to the probability of the occurrence of each event.

Researchers in this area have made considerable efforts to capture important subjective
aspects for decision-makers and to ensure the quality of information and the cross-impact
thereof. Details can be seen in the works of [40–47].

In this sense, [48] compared the quality of solutions provided by different scenario-
generation methods and different scenario trees. With regard to discretization of continuous
random variables, many methods have been developed; [48–50] tested approximation
methods using three points to represent a function of a univariate random variable with a
continuous distribution.

In Keefer’s first work in 1983, among the methods that were tested, an extension of
the method of [51] proved to be the best. In this method, a continuous distribution curve is
divided into three points representing three regions: the two extreme regions, each with an
18.5% chance of occurring; and the remaining middle region, with a 63% chance of occurring.

Although the tests performed by [49,50] were based on a triangular distribution, the
same author stated that similar results were obtained for normal curves [50]. According
to [52], the discretization of a normal curve into either three or five points is well accepted.

For each stochastic parameter, in this research, a set of values was predicted for the
horizon of one year. The techniques of regression, moving averages, and exponential
smoothing were tested, and those with the least forecast error were selected.

For exponential smoothing, each value predicted for horizon “n” follows a normal
distribution, with the mean (µ), standard deviation (σ), upper limit (+1.96 σ), and lower limit
(−1.96 σ), with 95% significance. For each normally distributed random variable, the normal
curve was discretized into three values following [51,52] with probabilities of 18.5% for the
worst-case scenario, 63% for the conservative scenario, and 18.5% for the optimistic scenario.

As defended by [49], it is common for scenarios to be formed from the opinions
of experts, and these parameters are generally distributed by a triangular distribution.
The three-point selection method from [51] is valid for triangular distribution. Thus, the
pessimistic, conservative, and optimistic scenarios, derived from the regression method
and expert opinion, had respective probabilities of 18.5%, 63%, and 18.5%.

5.1. Purchase Price

For the purchase price of soybeans, a historical series from [37] was used, divided
by Brazilian state. A dispersion chart was constructed for each series. For each graph,
regression was used with the trend curve that best fit the series and with the least forecast
error. According to the opinion of experts in the area, the average variation in the predicted
purchase price of soybeans is 10% higher for a pessimistic scenario and 10% lower for an
optimistic scenario.

According to [43], within the country, the price of soybeans is strongly correlated.
That is, when in one state the price presents an optimistic scenario, this same scenario will
happen in the other states.

5.2. Selling Prices

According to [53], the sales prices of soy are directly related to international values
and are practiced in line with the Chicago Exchange. Based on the monthly historical series
of soybean price on the Chicago-CBTO|Exchange, obtained through [37], the conservative
sales price values for soybeans in grain for the subsequent year were forecast, with down-
ward variations of 10% in the price for the pessimistic scenario and 10% in the price for the
optimistic scenario, according to experts.

5.3. External Grain Demand

Regarding the external grain demand parameter, the forecast for soybean production
in Brazil was initially calculated, and then the forecasted volume was multiplied by the
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percentage that the company aims to buy, that is, the company’s market share, already
computing the target of increasing representativeness in this segment for the subsequent year.

From this volume, the quantity foreseen for processing was withdrawn in accordance
with the company’s sales growth targets in this segment, and the remaining volume was
considered the possible export demand. Assuming the premise that every volume that the
company manages to buy and has the capacity to buy it can also sell, everything that is not
transformed into bran and oil can be sold on the foreign market.

The calculation of external demand was performed through the forecasted volume of
production because, according to experts, the existing demand for this company is greater
than the supply, and what limits the soybean trade are the supply of the product, the lack
of capacity to storage, and port flow capacity.

5.4. Crop Failure

To determine the crop failure scenarios in the micro-regions, production regression
curves were calculated for each micro-region based on soybean production data obtained
from the Brazilian Institute of Geography and Statistics [38] for a period of 15 years.

The peak and valley points in each data series were adjusted before estimating the
regression curve such that the curve would reflect the forecast for a series without extreme
crop failure or overproduction. Using the resulting regression curve, the expected value of
production was calculated for each year from the 15 years.

From these newly estimated values, the differences between the estimated volumes
and the volumes that were actually produced in each year were calculated. Thus, the
differences between the planned production volumes (Plannedt) (calculated from the
regression curve) and the outputs actually obtained (Realt), divided by the planner, yielded
a number of prediction errors (Errort), where t denotes the year.

For each origin cluster, a series of crop failure predictions was generated. These values,
denoted by Errort, were used to represent the probability of annual crop failure for each
cluster. From the series obtained using this equation, future values were estimated using
an exponential smoothing method.

Through the analysis of the time series of production data in all regions of Brazil, two
areas suffered severely from crop failure problems independently of each other, namely
the midwest and the south. Accordingly, these two regions were chosen as those with
significant likelihoods of crop failure.

The stochastic parameters considered in this work were considered univariate. An in-
depth statistical study was not carried out with respect to the correlation between stochastic
parameters and the interference of external factors in the series of each parameter because
it is not the focus of this work.

In this sense, ref. [54] concluded that it is not possible to define a direct or inverse
relationship between the price and the quantity demanded or offered for the soybeans.
According to [53], for producers, soybean prices are always subject to fluctuations, the
cause of which is difficult to predict, causing some difficulty in decision-making. Thus, it
was decided to consider the series as univariate since the consideration of factors that could
influence the series would collide in the absence of reliable data for many of them.

Some works try to describe relationships between prices and other factors. Ref. [55]
showed the mutual impact of soybean market in the USA and Brazil considering seasonal-
ities. Ref. [56] analyzed the impacts of the Brazilian logistical and transportation sectors
on soybean prices. Ref. [57] used system analysis to model supply and demand dynamics
considering price mechanisms applied to commodities markets, including soybeans.

Thus, since the stochastic parameters considered in this work are univariate, to con-
struct the scenario tree, combinations of all three scenarios of different probabilities for
the four stochastic parameters were used. Because the “crop failure” parameter has three
possible occurrences for each of the two distinct areas, it generates a total of 35 (demand-3
x purchase price-3 x selling price-3 x crop failureA-3 x crop failureB-3) = 243 scenarios.
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6. Case Study

We developed the proposed mathematical model based on a partnership between the
university and one of the leading trading companies of Brazil’s soybean supply chain, to
which this model was applied, without involving financial resources on either side. The
company contributed to the interviews, provided information about the company, and
validated the model after its application.

The studied network consisted of 21 source nodes representing producers providing
a soybean supply, which are called clusters in this research; 11 nodes representing silos;
6 nodes representing soybean processing plants; 6 nodes representing transfer points; 5 nodes
representing the domestic market; and 6 nodes representing ports, for a total of 55 nodes.

All possible source-destination combinations were analyzed. Subsequently, all com-
binations that were identified as improbable based on distance or shipping price were
removed from the network. The final feasible network included 19 rail segments and
82 road segments that could be reserved via annual contracts and 124 alternative road
routes that could be reserved on the spot market.

6.1. Computational Performance

The proposed model was implemented in the Advanced Integrated Multidimensional
Modeling Software (AIMMS) modeling system, version 4.82, using the academic version
(free academic license) and was solved with the CPLEX 20.1 solver through the following
algorithms: Simplex, Logarithmic Barrier, and Dual Simplex. The computational perfor-
mance of the solver is reported for a computer with a 2.70-GHz Intel(R) Core(TM) I7-7500
CPU and 8 GB of RAM, and it is shown in Table 8. The analysis of the stochastic model
required the consideration of 2,288,220 constraints and 1,987,225 variables.

Table 8. Computational results.

Stochastic Model

Solver CPLEX 20.1 CPLEX 20.1 CPLEX 20.1
Algorithm Barrier Dual Simplex Simplex Primal Simplex
Number of Scenarios 243 243 243
Number of Constraints 2,288,220 2,288,220 2,288,220
Number of Variables 1,987,225 1,987,225 1,987,225
Iterations 15,010 1,313,632 52
Solving Time (seconds) 84.61 246.9 328.91
Peak Memory (Mb) 2720 2131 1902

The results presented in Table 8 indicate that the solution time was low for all al-
gorithms. The stochastic tactical model, with approximately 2,000,000 restrictions and
2,000,000 variables, ran in 1 min and 24 s with the Logarithmic Barrier Algorithm, followed
by the Simplex Dual Algorithm and Simplex Primal Algorithm, for approximately 4 and
5 min, respectively.

The Logarithmic Barrier method was developed by Fiacco and McCormic in [58] for
nonlinear programming. However, it was after the work by [59], which presented an
efficient polynomial complexity algorithm for solving linear programming problems, that
the interior point methods have been intensively studied. A derivation of Karkamar’s
projective method allows for classifying it among the logarithmic barrier methods [60]. For
a reference to barrier algorithms, see [61].

6.2. Analysis of Results

An optimal value of US$3,885,045,160 was achieved for the objective function of the
stochastic model. The value of the objective function, which we call profit in this study, is
the difference between the revenues from the sale of soybeans, meal, and oil and the costs
of purchase, storage, transport, and processing.
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Considering the volumes of soybeans that had already been bought and sold, as well
as the volume of processed products that were stocked, the profit per ton of soy was about
US$132.00/t. Considering US$300.00/t as the average value used for soybeans, the return
on investment is around 44%.

According to the obtained solution, 8.6 million tons of soybeans were acquired during
the first stage, out of the 11.9 million tons of soybeans that were offered. At the beginning
of the planning period, 4.0 million tons of soybeans had already been purchased; therefore,
12.6 million tons of soybeans were purchased at least one year in advance.

Regarding the values provided by the model for each second-stage variable in each
scenario, the minimum, average, and maximum volumes of soybeans to be purchased on
the spot market during the second stage were 3.9, 5.6, and 7.1 million tons, respectively.

The model indicates that, before the soybean harvest begins, a shipper must contract
between 65% and 76% of the soybeans that it expects to use throughout the year. The
current practice of the studied company is to contract 70% of this total volume in advance.

According to the model, the maximum volume of soybeans sold to the export market
was 11.8 million tons, the average volume was 10.5 million tons, and the minimum volume
was 9.6 million tons. The maximum processed volume was 6.9 million tons of soybeans,
and the variation between the maximum and minimum values was approximately 10%.

Considering that approximately 1.2 million tons of oil and meal were stored during
the initial period, the percentage of soybean crops converted into meal and oil amounted
to between 41% and 49%. In comparison, the current practices of the studied company
involved processing 50% of the acquired soybeans.

Moreover, the results of the first-stage decision problem corresponded to contracted
transport volumes of 6.6 million tons for transport by rail and 20.2 million tons for transport
by road, plus 2.0 tons on the road spot market.

Thus, the model suggests that 23% of the volume should be transported via railway.
In practice, the studied company transports 30% of its volume by rail and 70% via highway;
of the latter, 60% is reserved via annual contracts, and 40% is acquired via the spot market.

Such result highlights the importance of using this mathematical model to support
decision making. Contrary to what we expected, due to the lower freight value, as proposed
by [3], the model did not “contract” the railway transport as much as it could and still hired
7% less than the company usually contracts, resulting in about 2 million fewer tons for rail
transport due to the fines generated in the take or pay contracts, crop failure, and Brazil’s
high value of rail freight.

Any changes in logistical operations, especially in transport, generate major impacts due
to high logistical costs in the supply chain, the product of which has low added value. The
mathematical model helps the shipper to make tactical decisions and generate higher profits.

The model structure was validated with hypothetical data, with samples having result
that were known, before being applied to the case study, as suggested by [28]. After
applying the company data, the model was validated by the company, which verified
consistency in the results obtained.

6.2.1. Solutions Obtained

The wait-and-see (WS) solution is the optimal value of the problem when the realization
of ξ is known. According [35], the expected value of the WS solution is given as follows:

WS = Eξ

[
Min

x
z(x, ξ)

]
= Eξ

where x(ξ) is the optimal solution, and z(x|(ξ), ξ ) is the value of the objective function for
a given scenario.

The WS solution for each scenario was calculated using a deterministic model pro-
posed by [10].

Figure 2 illustrates the WS solutions obtained for each scenario.
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According to Figure 2, scenarios 1 to 81, in which the purchase prices are low, corre-
spond to a region in which profits appear to be higher on average. In scenarios 82 to 163,
the purchase prices are conservative, and in scenarios 163 to 243, in which the purchase
prices are high, the profits appear to be lower on average. The peaks representing the
highest profits correspond to scenarios in which the purchase and sale prices are favorable
to the shipper.

The expected value of the WS solution for the studied problem was US$3,926,527,070.
This value is the predicted optimal value were the decision-maker to have perfect informa-
tion regarding what will happen in the future.

The stochastic model proposed in this paper was used to calculate the optimal solution,
that is, the here-and-now solution, for the proposed fixed recourse problem.

Ref. [35] defined the here-and-now (RP) solution as follows:

RP = min
x

Eξ[z(x, ξ)]

This solution is obtained by totaling the product of the probability of each scenario with
the stochastic solution obtained for each scenario. The RP solution is related to decision-
making without knowledge of the uncertainty of ξ. The RP solution of US$3,885,045,160
was achieved for the objective function of the stochastic model when all scenarios were
considered concurrently, weighted by their probabilities of occurrence.

6.2.2. Expected Value of Perfect Information (EVPI) and the Value of the Stochastic
Solution (VSS)

The expected value of perfect information (EVPI) is the maximum value that the
decision-maker could gain from obtaining perfect information. According to [35], the EVPI
is calculated as the difference between the expected values of the WS solution and the
stochastic RP solution.

Thus, for the problem considered in this work, the EVPI is US$41,481,910, which
means that a shipper should be willing to pay up to this value for perfect information,
about 1% of the value of the objective function. The lower that the EVPI is, the closer that
the value from objective function of the stochastic model is to the expected value of the
perfect information.

The value of the stochastic solution (VSS) is a measure used to determine the im-
portance of considering the randomness in a system, and it is obtained by the module
difference between the RP and EEV solutions. The expected value of the solution (the EEV)
is obtained when the first stage solution of the deterministic model is fixed and used. The
random variables assume their values for each scenario, and the optimal value obtained is
then multiplied by the respective probabilities of each scenario. For the problem considered
in this work, the calculated EEV is US$3,880,745,440.



Logistics 2023, 7, 49 21 of 26

As the RP solution is US$3,885,045,160, the difference between the two is the VSS.
Therefore, the value of the VSS for this problem is US$4,299,720, i.e., the expected benefit
that the decision-maker (shipper) can gain by considering uncertainty. This value is the
decision maker’s gain in using the stochastic model instead of the deterministic one.

6.2.3. Analysis of First-Stage Decisions

Although the results for the second-stage variables of the model also serve as a basis
for decision-making, the primary gain achieved through the application of the stochastic
model is in the first stage of decision-making, which consists of the decisions to be made at
the beginning of the planning period without any real knowledge of the future.

The first-stage decisions include the purchase volume of soybeans to be contracted in
advance (VCA), the volume of rail transport to be contracted in advance (VToPV-Rail), and
the volume of road transport to be contracted in advance (VToPV-Road).

The results of these first-stage decisions are summarized in Table 9.

Table 9. Variable values determined during the first stage.

Variables of the 1st Stage
Contracted Volumes
(Millions of Tons):
Stochastic Model

Contracted Volumes
(Millions of Tons):
Deterministic Model

VCA-Soybean 8.639 8.521
VToPV-Rail 6.599 6.907
VToPV-Road 20.077 21.480

The results shown in Table 9 were obtained using the stochastic model and by applying
the deterministic model proposed by [10], in which only one scenario is considered, using
the average stochastic parameters (expected values of ξ) as input data.

In the stochastic model, 12 (63%) of the 19 available rail segments and 41 (51%) of the
80 available road segments were selected for advance purchase, and 8.639 million tons of soybeans
(73%) of the 11.891 million tons of available soybeans were contracted from the 21 clusters.

From the Table 9, it is evident that the contracted rail and road volumes in the deter-
ministic model are larger than those in the stochastic model. This difference arose because,
in certain scenarios, the cost of a fine multiplied by its probability was greater than the cost
of acquiring transport on the spot market.

The proposed model is degenerate, and the optimal solution with m restrictions has
fewer than m positive variables [62], a characteristic present in many transport models.
Then, the sensitivity indicators, such as those resulting from the dual, exported by software
reports are no longer reliable [28].

As illustrated in [63,64], sensitivity analyzes in large degenerate models are possible
but not feasible, given the complexity of the operations that need to be performed to obtain
a single value. It is more efficient to run the model with the new parameters and intervals
that one wants to test.

6.2.4. Summary of the Results

In tactical planning for a logistics chain, certain differences arise concerning the
optimal value of the objective function and the values of the variables when we consider
the uncertainties inherent to the process of interest.

The case of a large trading company participating in Brazil’s soybean market was
analyzed while considering the uncertainties in four parameters: the purchase and sale
prices of soybeans, the foreign market demand for soybeans, and the probability of crop
failure. In addition, take or pay contracts were considered in an unprecedented way.

The model provides decision makers with how many soybeans and how much rail
and road transport should be contracted one year in advance before unforeseen events
occur, such as crop failure; the purchase and sale prices; and the foreign market demand at
the harvest time.
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Additionally, the model provides monthly tactical planning, which is a the second-
stage variable regarding how many soybeans should be purchased for grain and road
transport in the spot market and how much should be stored, transformed into oil and
bran, and sold, in addition to informing which paths, ports, warehouses, and factories
should be used and for which volume.

We investigated the model’s computational performance and its adherence to reality,
and we performed a comparative analysis among the stochastic, WS, and deterministic
solutions. Furthermore, we calculated the indicators of the gains that were achieved
through the stochastic model compared with the deterministic model proposed by [10].

The expected gain that was achieved through the stochastic model was found to be
US$4,299,720. The model achieved this expected gain by “protecting” the shipper against
pessimistic scenarios, thereby minimizing losses. Contrary to expectations, due to the lower
freight value, as proposed by [3], the model contracted the railway transport less than the
company usually contracted it for due to the fines generated in the take or pay contracts,
crop failure, and Brazil’s high value of rail freight.

It is essential for a company to have strategic, tactical, and operational planning
models as a basis. Strategic models will provide information, such as location, structure,
and facilities sizes and modes of transport to be used. Tactical models use the networks
discovered through strategic planning and provide inputs to prepare the company for the
next period, in this case, one year. Operational models use the tactical model’s results to
prepare and adapt day to day.

According to [65], competition occurs between supply chains, and when it is well
managed, it generates better financial gains for the chains’ members and the availability
of products with better service levels. Good management requires, among other factors, the
use of management models, planning, agreements, data sharing, and well-made forecasts [66].

In general, the decision-making manager is not the person who coordinates the model.
The model operator needs intermediate knowledge of mathematical programming and creates
reports using the model responses for the manager. The manager is needed for some data
inputs. However, most of the data come from the company’s databases or open sources,
as mentioned in this article. Normally, the software pulls data directly from the company’s
databases, facilitating the process, even though many data are needed to execute the model.

The planning model rationalizes decisions and makes companies less dependent on
people’s know-how. Without using a model, a correct decision in a period does not imply
that subsequent decisions not using an optimization model will also be close to the optimal
point. In addition to the model’s optimal quantitative responses, it reduces the negative
impacts of personal relationships within a company, as it does not depend on them.

Furthermore, given the speed of execution and explanation of the model, few extra
resources will be necessary to manage one’s application. Other programming languages,
such as Python and Julia; free platforms, such as Google Colab and Spyder; and free solvers,
such as GLPK and HiGHS, can also be used to run this model.

The lack of a tactical stochastic planning model for the soybean supply chain in the
literature and that this model exhibits good computational performance highlight the im-
portance of the proposed model for this type of logistics chain at this level of planning. With
no loss of generality, this model applies to other non-perishable agricultural commodities; in
stochastic scenarios for multiproduct, multiperiod, and multimodal production-distribution
problems; and with transportation take or pay contracts and payback mechanisms due to
harvest uncertainties.

The primary gain achieved by applying a stochastic model of two stages is in the first
stage of decision-making. In this case, the volume of grains and transportation should be
contracted in advance. From the results in Section 6.2, we noted that the model contracted
rail transportation less than the offer and what the company usually hires. In an agricultural
commodity market, in which transport cost represents 80% of the logistical cost, which
is about 30% of soybean’s final value [5], this result showed the importance of using this
decision support model.
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The model also includes multiple phases of the soybean logistics chain and indicates
what should be undertaken in each scenario to achieve the best return: when and where to
purchase soybeans and how much; the best way to transport soybeans; when and where
to process and store soybeans and their derivative products; and when and where to sell
processed and whole soybeans and how much.

Furthermore, another major advantage of the proposed stochastic model is the diver-
sity of analyses that can be performed based on its results. The shipper can understand the
factors that most strongly impact the process by analyzing the results for each scenario or
some subset of scenarios, making it possible to reduce the effort wasted in addressing less
important concerns.

Thus, considering uncertainties in a tactical planning model for a complex and inte-
grated soybean logistic chain can affect a shipper’s initial decisions regarding the establish-
ment of advance contracts for soybean purchases and transport by rail and road. In the
studied case, it resulted in smaller losses in many pessimistic scenarios and greater returns
in some optimistic scenarios, as reflected by an expected increase in profits of US$4,299,720.

7. Conclusions

This paper presented a two-stage stochastic programming model with a fixed recourse
structure for tactical planning in the soybean supply chain from the shipper’s perspective,
considering the uncertainties associated with the purchase and sale prices of soybeans, the
external demand for soybeans, and the probability of crop failure.

The uncertainties present in the soybean supply chain and the need to make decisions
before uncertain events motivated the construction of a stochastic programming model with
two stages and a fixed recourse structure. The need to model various intrinsic factors in the
process, such as the characteristics of take or pay contracts and the possibility of crop failure,
led to the construction of a model with features not previously seen in the scientific literature.

In accordance with an analysis of the parameters that influence the complex soybean
trade, scenarios were generated with appropriate probabilities. The model considered a
complex case study with 243 possible scenarios and achieved good computational perfor-
mance. The results confirmed that the model produces consistent results. Thus, the model
can be incorporated into the tactical planning process to be used as a decision support tool.

The results obtained from the model were validated and applied for a large trader
of the soybeans produced in Brazil, thus enabling a thorough evaluation of the proposed
model. The model’s first stage variables indicated the volume of grains and transportation
that should be contracted in advance. The cost of transportation constituted a large share
of the total logistics cost, which is very representative in the soybean supply chain. As a
result, the model hired less from rail transport than the case study’s company usually does.
The expected gain from using the stochastic model was US$4,299,720.

The developed stochastic model supports a shipper’s decision-making concerning the
initial decisions that must be made before uncertain events occur by assessing the impact
of each potential scenario in supply chain projections, and it reveals the optimal decisions
to be made were each scenario to occur.

Furthermore, the model can also be applied to agricultural commodities with charac-
teristics that are similar to those of soybean logistics or even to analyze two or more logistic
chains for agricultural commodities that operate in parallel, sharing the same structure
of shipper logistics. Parts of the model can also be adopted for other purposes, such as
modeling soybean crop failure and take or pay contracts.

Finally, as future research, we suggest analyzing the trade-off between the cost of
installing and using this model versus its benefits, measured by the profit margin, as well
as by the time that operators and model managers spend throughout the process. We
suggest the development of stochastic models for the strategic and operational levels of the
soybean supply chain and the inclusion of parameters related to the sustainability of that
production chain. We also suggest applying the model in a free solver to make it available
to farmers who have to make decisions similar to those of a shipper.
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