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Biomasses are renewable sources used in energy conversion processes to obtain diverse products through different
technologies. The production chain, which involves delivery, logistics, pre-treatment, storage and conversion as general
components, can be costly and uncertain due to inherent variability. Optimization methods are widely applied for modeling
the biomass supply chain (BSC) for energy processes.
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| 1. Introduction

The search for energy solutions to replace fossil fuels includes a set of technologies aimed at sustainable development .
Dependence on the oil industry is huge, but the finite nature of petroleum and its inherent environmental impacts
underscore the need for ecologically friendly processes that can compete economically. Therefore, it is necessary to pay
attention to the optimization of alternative processes and systems .

Different thermochemical technologies are used for the conversion of biomass, such as pyrolysis, gasification and direct
combustion (Figure 1) Bl. Pyrolysis can occur in three forms. Torrefaction produces enhanced biomass with greater
calorific power and lesser density and hygroscopicity 1, slow pyrolysis produces charcoal, and fast pyrolysis produces
bio-oil. Direct combustion for the generation of thermal energy is the oldest and most consolidated technology BI€l. The
use of biomass is justified by its carbon-neutral status, i.e., the emissions of carbon dioxide are compensated by its
fixation during the process of photosynthesis. As a result, an overall increase has recently been observed in the use of
biofuels for electricity generation . From a practical standpoint, however, this balance is not completely neutral due to
the emissions involved in biomass transport and the disproportion between the replanting of native species and
consumption that leads to deforestation ©l. For this reason, residual biomass (i.e., second-generation biomass) is
preferable in most cases. To reduce emissions and costs, all aspects of the supply chain—planting, transporting, pre-
treatment and final use—can be improved with different types of optimizations [,
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Figure 1. Thermochemical processes for production of fuels or chemical products (orange rectangles) and thermal energy
(red rectangles) from solid biomass.

Optimization may involve the thermochemical processes indicated in Figure 1 or the supply chain and management
processes. One of the lines of thermochemical process optimization is that concerning the combustion process itself.
Improvements in combustion efficiency generally take into consideration aspects intrinsic to the reaction, such as
composition, stoichiometric proportion of reagents (fuel and air), interaction of phases (liquid—gas, solid—gas) and
geometry of the combustion chamber and accessories (grills, heat exchangers, etc.). Other thermodynamic processes
concerning the conversion system (boiler, steam generator, etc.) can also be optimized . Such measures enable the
entire lower calorific power of biomass to be converted into heat for use in different processes.

From the global standpoint, the optimization of the supply chain as a whole involves supply (quality and variability of
biomass), logistics, pretreatment, storage and burning. Complex logistics relating to the transport of biomass and its
economic, energy use and environmental implications may be a barrier to the development of the sector due to the
variations in the calorific power and density of biomass as well as its high moisture content LQIILU12][13]

The steps of the biomass supply chain (BSC) involve the harvesting of planted biomass or the provision of residual
biomass, bagging, storage in warehouses, pretreatment (fragmentation, lixiviation, drying, mixing and densification),
loading, conversion in the boiler and energy distribution. Changes can occur in the order in which the steps occur, such as
treatment prior to harvesting (genetic improvement, fertilization, pest control, etc.). The number of warehouses, boilers
and plants depends on the process in question and logistics relating to the region, while the availability and variability of
biomass depend on the endemic and adaptable species as well as the inherent seasonality. Figure 2 summarizes the
basic steps.
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Figure 2. General steps of biomass supply chain.
1.1. Biomass Characteristics Influencing the Supply Chain

Biomass is defined as organic material derived from plants and organic (agricultural, forest, industrial, human, animal and
municipal) waste 4. The main constituents of plant biomass are cellulose, hemicellulose and lignin, along with lipids,
proteins, simple sugars, starch, inorganic compounds and moisture 23, Bjomass, such as wood, grass, agricultural waste,
animal and human waste, algae, etc., is a natural, renewable source produced sustainably in large quantities in many
parts of the world 1261,

The composition of biomass influences the process yield and determines the need for pretreatment for cofiring. Such
characteristics vary with the species and seasonal crop conditions and should be considered along with the boiler
properties. A high moisture content (mass of water in the biomass per unit of dry mass or mass of water in relation to total
mass) requires biomass drying, while a high concentration of inorganics, such as chlorine and potassium, suggests a
lixiviation step. Steps such as pelleting and briquetting should also be evaluated. However, the greater the need for
preliminary biomass treatment, the higher the costs. Moisture confers variability to the calorific power, increases transport
costs due to the indirect purchasing of water, can cause obstruction of biomass in lines, and reduces the efficiency of the
firing process due to the increase in time for moisture vaporization. The cause of reduced combustion efficiency due to
solid biomass moisture is mainly related to a longer time required before biomass begins its combustion process
(evaporation of water, volatilization, pyrolysis and combustion—Figure 3) and poorly established residence time in the
boiler or furnace.
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Figure 3. Biomass combustion process.



| 2. Modeling and Biomass Supply Chain

The use of modeling of the biomass supply chain for energy purposes has been widely explored in the literature and can
assist in strategic, tactical and operational decision making. Differences exist in the comprehensiveness of the levels of
decision. Regarding long-term aspects (e.g., annual), strategic decisions include the design of the boiler itself,
investments, selection of suppliers, allocation of installations, etc. Medium-term aspects involving transport routes and
seasonal inventories are tactical decisions. Operational problems require more frequent adjustments and involve transport
planning and short-term demands 4.

According to Sun and Fan 18], the BSC problems relating to the harvesting process are those regarding scheduling forest
and crop harvest, as well as the necessary equipment. There are location and shipping scheduling problems (related to
storage), while network design with material flows and vehicle routes is expected to generate transport problems.

In general, there is a preponderance of the economic focus in optimization of the biomass supply chain, with limited
attention given to the reduction in the carbon emissions of this chain 22,

Modeling of the biomass supply chain could be single-objective or multi-objective, with various goals to be optimized at
the same time 29, According to Albashabsheh and Stamm [, the use of deterministic methods presupposes prior
knowledge of all parameters. In contrast, other researchers take into consideration uncertainties and more realistic
random parameters relating to the supply, transport and demand for biofuels as well as the prices of biofuels and
biomass, thus characterizing a stochastic or hybrid model when combined with the deterministic model. The need
emerges to make the optimal solution feasible, independently of the uncertainty (distributions of probability), and
sensitivity analysis could be performed with variation in the input parameters [21122],

2.1. Geographic Information Systems—GISs

Geographic information systems (GISs) use interactive maps for managing geographic and spatial data, helping decision
makers analyze processes. Geographical issues are a factor that can affect the feasibility of a project due to the location
provided by longitude and altitude parameters 1231241,

GISs are a useful tool for identifying, selecting and optimizing locations of bioenergy plants considering physical,
biological, social and economic criteria 11. GIS systems enable superimposing data from different disciplines, such as
vegetation cover and demographic density, on useful maps for BSC managers of BSC. According to Kim et al. 22, GISs
have been used for the precise analysis of transport distances, costs and impacts of different projects; facilitating the
selection of sites as sources of biomass and their yields; determining suitable areas to build facilities (strategic decisions);
calculating changes in routes (road network) and regions of demand and high densities; and considering factors such as
water flows, electricity networks for infrastructure, and population for labor. They are used to help design, plan and
manage problems in the BSC 81241 Thijs type of consideration and simulation helps to achieve, for example, minimization
of costs in the BSC.

2.2. Neural Networks

Neural networks are mathematical models of stochastic nature composed of units or nodes called neurons that can
predict system outputs with high precision, low cost, and short processing time 28, They are based on two stages: training
and validation. A set of input data and respective output data are provided in the training step. The modeled neural
network is formed by a set of layers and weights. The input layer receives the input data, the output layer provides the
result, and the hidden layers enable the neural network to operate through activation functions [,

A neural network needs data collection, pre-processing of data, optimizing of the network design (number of hidden
layers, neurons and activated transfer functions, algorithm selection). The linear transfer functions (Purelin and Poslin),
Log-Sigmoid function (Logsig), and Tan-Sigmoid function (Tansig) are often reported in the literature. To train the network
and obtain the best weights of neurons, algorithms such as quasi-Newton (QN), sealed conjugate (SC) and Levenberg—
Marquardt (LM) are cited by Yatim et al. (28 and Giilec et al. (28],

Neural networks can be applied in the context of seasonal variability in the composition and supply of biomass for
production chain situations in which the volume of data enables computational algorithms to learn from varied examples.

As “machine learning” establishes, the program is capable of providing outputs based on new inputs—Ilike a human brain
would do—after having learned to relate inputs and outputs that are related in a highly nonlinear, complex way. In this
regard, artificial neural networks were utilized to predict biomass pyrolysis behavior without known reaction mechanisms



(291, Zhang et al. B reported the use of neural networks to predict HHV, enthalpies of combustion and other exergetic data
based on biomass composition.

2.3. Linear Programming

The optimization method known as linear programming is widely employed because it also helps in decision making with
regards to production planning. This mathematical model of deterministic origin involves an objective function to be either
maximized or minimized (the objective function generally regards the overall operating cost of a plant when applied to the
optimization of biomass supply chains for energy purposes) and a set of restrictions (mathematical expressions, such as
linear equations or inequations) that address the selected decision variables (outputs) and parameters (inputs) B2,

The objective may be to understand the maximization of profit, minimization of operating costs, environmental impact or
fuel consumption. The general restrictions of a supply chain model regard the availability of biomass, processing
capacities and market demands, establishing limits to be met (29,

Table 1 summarizes some applications of mathematical modeling relating to biomass, especially linear programming,
which is often used with other tools and techniques. Through these models, there has been a broad approach to
programming, with most of them minimizing the global cost. It can be noted that at this stage, the biorefinery or plant does
not have a large enough volume of data to allow it to use other techniques. In general, the previous integrated use of GIS
makes it possible to indicate the vegetation cover and its space—time variability, supporting the definition of locations for

the installation of thermoelectric conversion plants and biorefineries.

Table 1. Summary of studies involving the use of mathematical modeling of biomass supply chain.

Authors Type of Modeling/Solver Factors Considered Objective
Storage
Linear programming (LP) Transport
Cundiff et . p g 9 Losses with storage and Minimize costs relating to transport and
[33] optimization software R . Lo
al. handling expansion capacity in warehouses
package CPLEX . .
Production uncertainty due
to weather
Cofiring A . .
. . . Minimize cost of production of particular
Nienow et . . Production of wood biomass L . .
al, 241 Linear programming (LP) Transport demand for electricity while meeting
’ environmental regulations
Use
Mixed |nteqer nonlinear Different biomass
L programming (MINLP) .
Bruglieri f - - transformation processes I .
- . Mixed integer linear L Minimize costs of commodities, transport and
and Liberti . Commodities .
[35] programming (MILP) Transport processing
optimization software Processin
package CPLEX 9
Purchasing
Transport Minimize costs of biomass supply chain for
Rocco and Mixed Integer linear Storage steam production: purchasing, fuel transport,

Morabito [26]

programming (MILP)

Stochastic programming
MINLP

Multiple boilers with different
aspects (switch on, heating
and switch off)

storage and switching on and heating of
boilers

. Suppliers Minimize costs; identify optimal size and
. Metaheuristics X
Saghaei et X . Storage location, flow between sectors, volumes of
[37] Genetic algorithms (GAs) .
al. Energy plants stored and converted materials, and
Chaos theory s
Consumers distribution strategy
Tent maps
CE (ICE) algorithm
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