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Abstract

There has been a sustained effort to reduce reliance on fossil fuels by transitioning to carbon-
neutral energy sources like solar, wind, and tidal power. Biofuels, recognized as a sustainable
energy option, offer a promising solution for meeting fuel demands. Among renewable
energy sources, solar power stands out as one of the most widely adopted due to its abundant
availability, lower capital costs compared to other renewables, and more predictable output,
in contrast to the variability of wind and tidal energy. In order to commercialize and ensure
the profitability of biofuel and solar energy systems, careful decision-making is required at
various stages. This thesis addresses these challenges by proposing efficient optimization

strategies for designing biorefinery supply chain networks and solar energy-based systems.

Considering the biomass-based energy systems, the corresponding supply chain is a
combinatorial optimization problem that requires optimal decisions at multiple stages. One of
the primary decisions to improve the benefits of a biorefinery supply chain is to use economic
processing technologies. However, due to design limitations, such technologies are often
restricted by their maximum processing capacity. The literature related to the capacity
planning of biorefineries uses the single-unit strategy where only a single process unit per
selected technology is allowed to be installed for biomass processing, leading to suboptimal
production plans. Secondly, various constraints at different supply chain echelons make the
problem computationally expensive. Most literature models employ a MILP approach for
determining the optimal parameters; however, these techniques often use binary variables to
assist in identifying decisions related to active flow domains, technology selection, etc.
Metaheuristic techniques have been widely adopted for solving such combinatorial problems
as these techniques are good for reaching near-optimal solutions in a reasonable time.

However, the procurement and distribution of biomass and biofuel require multiple equality
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Abstract

constraints for the mass balance that needs to be satisfied at various biofuel production stages
in bio-refineries. Such restrictions often induce difficulties for metaheuristic techniques in
holding on to the feasible search space.

In this thesis, first, a new solution strategy for the optimization of biomass to biofuel supply
chain is proposed, which can be easily adapted to different metaheuristic techniques. An
implicit constraint handling technique is used that reduces the complexities found due to
equality-type constraints. This framework also utilizes the nonlinear relationship between
plant capacity and capital cost using economics of scale. The proposed framework is tested
using multiple metaheuristic techniques on a bio-refinery case study. The framework is
extended to address the capacity restriction of biofuel production from profitable processes
due to design limitations of processing technologies. The single-unit framework is integrated
with a novel heuristic algorithm that can implement multiple units of a beneficial process to
overcome plant capacity limitations. Multiple metaheuristic techniques were used to
demonstrate the benefits of the multi-unit strategy over the single-unit strategy in a

distributed biorefinery case study.

In order to extend the benefits of a multi-unit strategy for MILP-based models, this thesis
proposed a distributed multi-unit MILP supply chain model for biorefineries capable of
utilizing multiple technologies for each biomass. A single-unit superstructure from the
literature is improved to accommodate decisions related to multiple technological choices for
different biomass and extended to a multi-unit model by allowing the installation of more
than one process unit of the selected technology. This study incorporated the investment and
operational costs for biorefinery, and the efficacy of the proposed model is demonstrated in
the case study using linear approximations for the capacity-dependent investment costs.
Further, a multi-objective, multi-unit, multi-period supply chain model to harness the benefits
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Abstract

of the multi-unit strategy for periodic supply chain networks is proposed to demonstrate the

benefits of multi-unit strategy on periodic supply chains.

The second part of the thesis focuses on the strategies for solar-based energy systems. In
solar-based renewable energy systems, solar air collectors are commonly used for space
heating, irrigation, greenhouses, grain drying, hot air generation, etc. Similarly, the solar
water heating (SWH) system is one of the most efficient solar conversion technologies for
water heating and cooling applications. The performance of the collector depends
significantly on its geometrical optical and operational parameters, and optimization is the
only method to find the best controlling parameters that will yield the best-performing
efficiency. Designing solar collectors requires in-depth studies of governing concepts and
parameters that affect the operational condition and assembly process. Advanced solution
techniques for solving solar models are a common practice. Despite the performance and
wide usage of solar collectors depending on the optimum design and operational parameters,
there have been very few insights available in the literature regarding the optimization
problem formulation, details on decision variables, details on constraint parameters,
optimization algorithm, and defined parameters, etc. Also, various approximations in the heat
transfer processes of the system are observed in the literature, which often leads to losses in
real-world system efficiency.

This thesis first proposes an exergetic optimization framework of simple and finned flat plate
solar air collectors to determine the optimal design and operational parameters for humid
subtropical climatic conditions. A simulation program is developed for the solar energy
model, energy, and exergetic calculations. The proposed model is optimized using a
metaheuristic technique for maximum mean exergy efficiency in simple and finned solar air
collectors. This thesis also proposes a multi-objective flat plate solar water collector model to
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Abstract

determine the optimal performance and design conditions for a humid subtropical region. The
proposed model is validated with the data in the literature and optimized using multiple
metaheuristic techniques. Studies are performed to evaluate the trade-off solutions between
the conflicting objectives of maximizing exergy efficiency and minimizing the area of the
absorber plate.

This thesis proposes novel optimization frameworks for biomass-based and solar-based
energy systems. For biorefineries, it introduces an implicit constraint handling technique to
help metaheuristic techniques determine feasible solutions and provides a multi-unit strategy
to overcome capacity limitations and improve efficiency in supply chain design. For solar
energy systems, it presents exergetic optimization models for solar air and water collectors,
focusing on optimizing design and operational parameters. This thesis demonstrates the
benefits of these approaches through case studies and encourages broader adoption in large-

scale applications.
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Chapter 1

Introduction

Conventional fossil fuels meet a significant part of the global energy demand, and the extensive
energy dependency has led to the depletion of their global reserve as these non-renewable
sources take millions of years for their formation. In addition, the rising pollution levels also
compelled us to search for clean and sustainable energy sources. Apart from the energy
requirement, most stakeholders have made efforts to become self-reliant and break the
monopoly of countries rich in conventional fossil fuels (Alpanda & Peralta-Alva, 2010).
Renewable energy uses range from small-scale domestic applications to large-scale centralized
energy distribution systems. However, capital intensiveness and lower productivity adversely
affect the wider usage of such energy systems. These systems are comparatively new and need
timely development of innovative ideas for replacing non-renewable energy sources in the
future. The majority of the world’s energy requirement is satisfied using fossil fuels due to their
extensive usage in the transportation and industrial sectors.

There has been a constant effort to shift the energy demand from fossil fuel to carbon-neutral
sources such as solar, wind, tidal, etc.; however, an immediate transition is impossible as fossil
fuel contributes 84% of the global primary energy demand (Ritchie & Roser, 2020). A steady
shift in energy dependency on fossil fuels will help the industrial and transportation sectors
cover financial burdens when adapting to newer technologies. One possible alternative for the
energy requirements is biofuels produced using biomass as feedstock. Among the other types
of renewable energy sources, solar energy has emerged as one of the most widely used because
it is significantly less dangerous, not as high in capital costs as tidal and geothermal energy
resources, and reasonably foreseeable, unlike tides and wind. The commercialization of biofuel

and solar energy-based systems requires optimal decisions in various implementation stages.
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1.1. Biorefinery superstructure for producing biofuel

The technical viability of biofuel production requires optimal biofuel supply chain networks,

whereas the solar energy-based system needs higher system efficiencies.
1.1. Biorefinery superstructure for producing biofuel

Biofuels generate fewer emissions than their non-renewable counterparts and are cleaner as
they are inherently biodegradable. Mixing biofuel with fossil fuel is practiced nowadays to
harness the benefits of biofuel, leading the way to the steady transition from fossil fuel to
biofuel. Vehicles fuelled with ethanol-methanol-gasoline blends can reduce the emission of
carbon monoxide and unburnt hydrocarbons compared to pure gasoline (Elfasakhany, 2015).
Due to the increasing urge for alternative renewable energy, the potential of biorefineries to
fulfill the energy requirement can be witnessed in the coming years. However, the concept of
biorefinery is still in the development stage, and the complications in the trade-offs between
various metrics are hindering the growth of biorefineries at commercial scales.

Castillo-Villar et al., (2017) analyzed the effect of variability in biomass supply and quality on
the strategic and tactical level decisions for designing and planning a biofuel supply chain using
a two-stage stochastic programming model. Poor biomass quality was observed to increase the
total cost by 27%—31%. The challenges in the timely delivery of homogeneous feedstock to
customers, considering biomass quality, seasonality, and weather-related supply restrictions,
were highlighted by Gautam et al., (2017). A terminal in the forest biomass feedstock supply
chain allowed delivery of feedstock 4-11% lower in moisture content while reducing
procurement costs by 11-32%. Khishtandar (2019) proposed a fuzzy chance-constrained
programming model to help decision-makers design a biogas supply chain network under the
risks associated with uncertain biomass availability, biomass demand, and available workforce.
Chandel et al. (2018) discussed the critical issues associated with the scale-up of biorefineries

from pilot-scale operations. Several factors, such as process integration, selection
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1.1. Biorefinery superstructure for producing biofuel

of products, clear-cut master plans, risk factors analysis, cost sensitivity analysis, safety &
regulatory norms, and reproducible economic modeling play a pivotal role in the transition
towards large-scale biorefineries. The sustainability criteria in designing a multi-echelon
supply chain were discussed by Tirkolaee et al. (2020), where the proposed multi-objective
mixed-integer linear programming (MOMILP) model was able to select sustainable suppliers
for the supply chain. The facility disruptions in complex supply chains were studied by Hatefi
et al. (2019), and a bi-objective model for reliable supply chain network design was proposed.
The model considered minimizing total supply chain network cost and recovery time from
disruptions as the objectives.

The biorefinery supply chain involves a network of biomass sources, processing units, and
demand locations connected through upstream, midstream, and downstream linkages,
respectively (Basile et al., 2022). The upstream involves biomass production and its logistics
in harvesting sites to refineries, the midstream constitutes biofuel production in refineries, and
the downstream activities involve the distribution of biofuels to the market from the refineries.
Each hub of the network requires several strategic and operational decisions for a cost-effective
and sustainable biorefinery supply chain on an industrial scale (Espinoza Pérez et al., 2017).
It is necessary to evaluate the economic viability by optimizing the complete bioenergy supply
chain network (Geraili et al., 2016) to move towards large-scale production and consumption
of biofuels and other bioenergy products. This would be accomplished by thoroughly
examining biomass feedstock production to the biofuel distribution by appropriately addressing
the strategic and tactical choices. The selection of the best choices for biomass sources,
processing facilities, and demand centers would also be necessary to execute such a
complicated structure effectively. The optimization at the planning stages of a biorefinery

superstructure is essential for their efficient and sustainable operations. The usage of pre-

TH-3505_156107002


https://www.sciencedirect.com/topics/engineering/pivotal-role
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/environmental-impact-assessment

1.2. Solar collectors for harvesting solar energy

feasibility analysis for the setting of biorefineries (Ortiz-Sanchez et al., 2020), utilization of
new efficiency measuring tools (Moncada B et al., 2016), and identifying limitations affecting
the performance of a process or design (How & Lam, 2019) are observed to be helpful to the

biorefineries in moving towards commercialization.
1.2. Solar collectors for harvesting solar energy

Solar energy is considered carbon-neutral, clean, renewable energy, which helps reduce CO2
emissions, contributes to climate change mitigation, and provides clean energy for the
environment. One of the direct applications of solar energy includes solar air heaters which are
commonly used for space heating, running irrigation, greenhouses, grain drying in agricultural
fields, hot air generation in manufacturing industries, etc. Flat plate solar collectors are the
most popular air heaters because of their simple, low-cost designs and easy installations. It was
noted that solar air heaters suffer from low heat transfer coefficient and low thermal efficiency,
and they can be improved by choosing high thermal conductivity extended surfaces (fins) as
absorber plates. However, realizing the potentiality of simultaneous application of the first and
the second law of thermodynamics in the analysis and design of thermal systems (Bejan, 2002),
exergy investigation is carried out in flat plate solar air collectors to achieve better efficiency,
better use of existing design and better sustainability.

Exergy analysis allows many of the limitations of energy analysis to be controlled. Torres-
Reyes et al., (2001) presented a design method for flat plate solar air collectors based on
minimum entropy generation. They concluded that the proposed design methodology based on
the entropy generation and mass flow numbers could be used for any flat plate collector
geometry. Naphon (2005) analyzed the performance of a double-pass solar air heater with
longitudinal fins and reported that the thermal efficiency is directly proportional to the height

and number of fins, whereas entropy generation is inversely the same. Mohseni-Languri et al.
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1.2. Solar collectors for harvesting solar energy

(2009) experimentally analyzed the solar air heater to find the optimum mass flow rate for
maximum exergy efficiency. The introduction of metallic obstacles like baffles or fins inside
the flow path provides a larger heat transfer area, higher throughput rates, and greater
turbulence, which enhances the heat transfer characteristic of the system. Alta et al. (2010)
performed energy and exergy analysis on three different solar air heaters with and without fins
and reported the superiority of exergy analysis over energy. Though higher energy efficiency
can be achieved at larger air flow rates, an increase in air flow rate increases leakage rates,
which further decreases exergy efficiency.

Similar to solar air heaters, the solar water heating (SWH) system is one of the most efficient
solar conversion technologies for water heating (Wang et al., 2015), space heating (Lugo et al.,
2019), and cooling applications (Shirazi et al., 2018). SWH employs a low temperature (< 250
°C) category solar collectors for heating/cooling applications as the main component. This
category includes flat plate collectors and evacuated tube collectors for their simple design and
lower cost. The COP of the absorption cooling system depends on wall glazing, optical
properties, and design modifications of solar collectors (Sakoda & Suzuki, 1986). In the recent
past, a common array of solar thermal collectors has been used to supply the required energy
demand of an entire building (space heating, cooling, and hot water) as a solarcombi system.
Sustar et al. (2015) analyzed a solarcombi system as a function of loads, size, and location and
found that the largest incremental savings occur when domestic solar hot water (DSHW) loads
are low, and space heating loads are high. Asaee et al., (2016) reported a 19% decrease in the
energy consumption and greenhouse gas (GHG) emissions of the Canadian housing stock. The
performance of solarcombi systems using flat plate solar collector (FPSC) and evacuated tube
solar collector (ETSC) for a two-story building was analyzed by N4jera-Trejo et al. (2016) for
their optimum performance. Heat pipe-based evacuated tube solar collectors (ETSCs) offer

higher outlet temperatures and higher efficiencies in water heating systems (Chopra et al.,
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2018). Katsaprakakis (2019) concluded that introducing a solar combi system in the swimming
pool heating of Pancretan Stadium, Crete, Greece, reduced the primary energy consumption by

75.6%.

1.3. Targeted research gaps and objectives

This thesis broadly tries to contribute efficient optimization strategies to design two types of
renewable energy systems: biorefinery supply chain networks and solar energy-based systems.
The research gaps and proposed solutions for both systems are presented below in two separate

sections.

1.3.1. Biorefinery superstructures

For biofuels to be competitive with conventional fossil fuels, their production needs to be
optimal, and it should account for various factors such as the type of biomass to be used, the
technology used to convert biomass into biofuel, and the location of the production facility of
biomass. Apart from the chosen technology, the quantity of biofuel production depends on the
capacity of the technology at the processing unit, and it directly impacts the revenue of the
refinery. The restriction on processing capacities might compel the distributed biorefineries to
process the biomass at less profitable locations. The requirement of domain constraints on the
capacity of the selected technology at the processing units requires specific measures to address
the investment and operational level decisions. The requirement of optimization in the
bioenergy supply chain has encouraged researchers to propose models addressing various
critical aspects such as biomass quality and availability, transportation, technology selection,
market demand, etc. (Ponce-Ortega & Santibanez-Aguilar, 2019). Most of the models are
optimized using mathematical programming techniques (Ba et al., 2016) and are often observed
to adopt model approximations to avoid nonlinearity (Soren & Shastri, 2021). These models

utilize binary variables for decision-making and struggle to reach the optima within a finite
6
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time (Ha et al., 2014; Olivares-Benitez et al., 2013). The use of metaheuristic techniques
eliminates the above hurdle by providing near-optimal solutions within limited computational
resources, as these techniques do not demand the model to be postulated in canonical form.
These techniques are well-known black-box optimization solvers and do not require prior
problem information. The complexity of the bioenergy supply chain involving many
constraints requires a better solution framework for utilizing the effectiveness of metaheuristic
techniques. However, the absence of dedicated constraint-handling techniques makes it
difficult for these techniques to determine feasible solutions and marks this area open for

research (Ba et al., 2016; Deb, 2000).

This thesis tries to contribute efficient optimization strategies to design biorefinery supply
chain networks. First, the challenge for the metaheuristic techniques in determining feasible
solutions due to the presence of a large number of equality constraints involving multiple
decision variables in the model is addressed by proposing a novel framework suitable for
metaheuristic techniques to optimize the biomass-biofuel supply chain network. A repair
operator is introduced to improve potential solutions that violate the bound constraints on the
flow rates and the processing capacity. The solution structure followed in the proposed
framework inherently satisfies the requirement of selecting a particular technology for
processing specific biomass in the processing units. A nonlinear cost function dependent on
the processing capacity is adopted to determine the setup cost for the processing units. The
optimization framework provides decisions at various biofuel production stages, such as
biomass flow rates between the source and different processing units, technology selection for
available biomass, and fuel distribution among demand locations. The proposed framework is
extended to include a heuristic mechanism that helps in the capacity planning of the

biorefineries by implementing multiple units of profitable technology. In addition to the
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domain corrections for biomass and biofuel flow rates, the framework also incorporates repair
schemes in the capacity planning stage.

The majority of the biorefinery supply chain networks are optimized using mixed-integer linear
programming (MILP) due to their extensive modeling capabilities and assured global optimum.
The use of the multi-unit strategy with metaheuristic techniques is observed to help gain
economic benefits in the biorefinery superstructure, which motivated the implementation of a
multi-unit strategy-based MILP model for the biorefinery superstructure. In this context, a
single-unit biorefinery supply chain network adapted from the literature is modified to support
multiple technological choices for each type of biomass. In addition, domain constraints related
to the capacity selection of the processing technologies and biofuel distributions are also
integrated with the supply chain network. Subsequently, the single-unit model is upgraded by
incorporating the multi-unit strategy. The efficacy of the multi-unit model is demonstrated in
the biorefinery case study with linear approximations for the cost calculations.

The biorefineries require periodic assessment of the operational decisions due to significant
variations in the seasonal availabilities of biomass. These networks often utilize storage
structures to satisfy demand during low-harvesting seasons. The application of the multi-unit
strategy helps to avoid dependencies on larger capacity processing units by efficiently utilizing
smaller processing units in conjunction with the storage facilities. The smaller processing
facilities are also suitable for seasons with low biomass availability, thus reducing the
requirement for excessive product inventory, which is observed with large capacity processing
units and lesser periodic operations. The effectiveness of the multi-period, multi-unit strategy
is demonstrated on a multi-period distributed biorefinery supply chain network available in the
literature, and the model is modified to accommodate multiple processing units of the selected

technology. The model incorporates storage facilities at various production and distribution
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hubs for storing unprocessed raw materials and unutilized products. The network features
multiple periods over which the products can be sold in the markets. The proposed multi-unit

strategy-based supply chain model is solved by considering economic and social objectives.
1.3.2. Solar collector models

Solar collector models involve complex nonlinear equations and are often optimized using
advanced optimization techniques. Various articles available in the literature have mainly
focused on identifying the objective function of the problem with its constraints and the lack
of crucial details on optimization problem formulation, decision variables, constraint
parameters, optimization algorithm, and other user-defined parameters. Additionally, the
assumption considered on various operational parameters often leads to losses in real-world
system efficiency. Optimization involving exergy analysis of solar collectors allows many of
the limitations of energy analysis to be controlled, as the lost exergy is the reason for the process
inefficiency of the system. This thesis proposes an exergetic optimization framework for simple
and finned flat plate solar air collectors to determine the optimal design and operational
parameters. The framework employs a model for energy and exergetic calculations of solar air
collectors. Optimization studies were performed using two models of solar air collectors: (a)
with a simple air collector and (b) with a finned-type air collector. The framework utilizes a
novel optimization approach where a metaheuristic technique is used to optimize decision
variables and the trust-region dogleg algorithm to determine thermodynamically feasible
operating conditions. Additional penalty functions are used in the framework to avoid any
thermodynamically impractical system conditions. This framework is extended by considering
water as the working fluid, and an optimization framework for flat plate solar water collectors

based on exergy analysis is proposed to determine the optimum absorber plate area and exergy

TH-3505_156107002



1.3. Targeted research gaps and objectives

efficiency for humid subtropical climatic conditions. Multiple metaheuristic techniques are
used to determine the maximum exergy efficiency by optimizing the plate area of the absorber,
mass flow rate, and inlet temperature of the working fluid. The trade-off solutions between the
conflicting objectives of maximizing exergy efficiency and minimizing the absorber plate area

are analyzed using six multi-objective metaheuristic techniques.

1.3.3. Research objectives

The research gaps outlined in Sections 1.3.1 and 1.3.2 concerning the biorefinery supply chain

and solar energy systems can be encapsulated as follows.

e Metaheuristic Techniques for Bioenergy Supply Chain Optimization: While
metaheuristic techniques offer advantages in handling complex optimization problems in
the bioenergy supply chain, there is a gap in their ability to determine feasible solutions
due to the presence of numerous equality constraints involving multiple decision variables.
This highlights the need for improved frameworks that can effectively utilize
metaheuristics while ensuring solution feasibility.

e Constraint Handling in Metaheuristic Optimization: The absence of dedicated
constraint-handling techniques in existing metaheuristic approaches creates challenges in
finding feasible solutions for the bioenergy supply chain, particularly when dealing with
domain constraints such as biomass and biofuel flow rates, processing capacities, and
technology selection.

e Incorporation of Multi-Unit Strategies in Supply Chain Models: Although mixed-
integer linear programming (MILP) models are widely used for optimizing biorefinery

supply chains, there is limited exploration of multi-unit strategies that could enhance
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economic efficiency. The integration of such strategies into supply chain models,
particularly with metaheuristic techniques, remains underexplored.

e Multi-Unit Strategies for Seasonal Variations and Storage Considerations: There is a
gap in addressing the operational challenges posed by seasonal variations in biomass
availability. Existing models often overlook the benefits of using smaller processing units
in conjunction with storage facilities to reduce dependencies on larger units and excessive
inventory, particularly in multi-period distributed biorefinery networks.

e Detailed optimization formulation of Solar Collectors: Existing literature primarily
focuses on identifying the objective function and constraints in solar collector optimization
but lacks a detailed optimization formulation of the problem.

e Use of a wide range of metaheuristic techniques: The existing literature lacks the use of
multiple metaheuristic techniques for solving solar energy models.

e Limited Consideration of Exergetic Optimization: There is a gap in integrating exergy
analysis into optimization frameworks to improve the thermodynamic efficiency of solar

collectors.

The proposed solutions against the above-discussed research gaps related to biorefineries and
solar energy systems are summarized below and are considered as the objectives of the thesis.
e Developing an efficient framework using metaheuristic techniques for the supply chain
network of biorefineries with nonlinear cost functions.
e To propose a multi-unit strategy-based framework for the biorefinery supply chain
network addressing the capacity planning of processing technologies.
e Proposing a mixed-integer linear programming model integrated with the multi-unit

strategy for enhancing the economic benefits of biorefinery superstructure.
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e Developing a multi-objective, multi-period mixed-integer linear programming model
incorporating the multi-unit strategy for a distributed storage-based biorefinery supply
chain with economic and social benefits.

e Developing a single objective framework using metaheuristic techniques for solar air
collectors.

e Developing a multi-objective framework for solar water collectors using metaheuristic

techniques.
1.4. Organization of the thesis

Chapter 1 discusses motivation and briefly overviews the optimization strategies proposed in
the thesis. In Chapter 2, an efficient single-unit framework using metaheuristic techniques for
the supply chain network of biorefineries is proposed, and the benefits of the framework are
demonstrated using multiple metaheuristic techniques. The single-unit framework is extended
to a multi-unit framework, and its benefits over the single-unit framework are discussed in
Chapter 3. Chapter 4 discusses the implementation of a multi-unit strategy-based MILP model
for the biorefinery superstructure. Chapter 5 presents a MILP model for a multi-unit, multi-
period distributed biorefinery supply chain network with storage facilities. Chapter 6 proposes
an optimization framework for solar air collectors using metaheuristic techniques, and Chapter
7 discusses a multi-objective metaheuristic framework for solar water collectors. Finally,
Chapter 8 summarizes the significant inferences drawn from this thesis and provides

suggestions for future research.
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Chapter 2

A novel optimization framework using metaheuristic techniques for

biorefinery supply chain network

This chapter discusses a novel framework suitable for metaheuristic techniques to optimize the
biorefinery supply chain involving nonlinear cost functions. The proposed framework
introduces a repair operator to improve potential solutions that violate the constraints in flow
rates and processing capacities. An implicit constraint handling technique is employed to
satisty the constraints involved in mass balances. The efficacy of the proposed formulation and

strategies are demonstrated using multiple metaheuristic techniques in a biorefinery case study.

This chapter is structured as follows: Section 2.1 provides the literature review related to the
application of metaheuristic techniques to bioenergy models and their challenges. Section 2.2
presents the problem description, and Section 2.3 details the mathematical model and the
general metaheuristic approach for optimizing the supply chain network. Section 2.4 explains
the proposed solution strategy to improve the performance of metaheuristic techniques and
briefly highlights the features of the selected techniques. Section 2.5 provides details of the
case studies used in this chapter. Section 2.6 provides a detailed analysis of the results and
discusses the various benefits of the proposed strategy. The last section concludes the chapter
by summarising the benefits of the proposed strategy and the overall performance of the
metaheuristic techniques.

2.1. Background

The advancement towards large-scale production and use of biofuels and other bioenergy
products requires assessing the economic feasibilities, systematic design, and optimization of
the entire bioenergy supply chain network. In order to attain such an efficient system, proper

analysis from the biomass feedstock production to the biofuel/bioenergy end-use and suitable
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handling of strategic and tactical decisions is required (Struhs et al. 2020; Akhtari and Sowlati
2020). The successful implementation of such a complex structure requires multiple optimal
decisions at various contact points, such as biomass sources, processing units, and demand

centers.

Metaheuristic techniques are intelligent search methods that mimic the different ways of
optimization occurring in nature. These methods are highly efficient in solving complex
optimization models where the problems are considered NP-hard (Reche-Lopez et al. 2009;
Ayoub et al. 2009), or the optima cannot be easily obtained using convex optimization
algorithms (Sarker, Wu, and Paudel 2019). Metaheuristic algorithms also help solve
multimodal problems where traditional techniques get trapped in local optima (Schwefel 1993;
Ge and Li 2018). Metaheuristics are also best suited for solving problems with multiple
objectives (Hernadndez-Pérez et al. 2019). Metaheuristic techniques have been applied for
solving biorefinery optimization models, such as determining optimal locations of mobile and
fixed biorefineries in biomass to bio-oil model using genetic algorithm (Sadeghi and Haapala
2019), parameter optimization for methane production from microalgae using particle swarm
optimization (Nassef et al. 2021), determining optimal placement and supply area for the
biomass plant using binary honey bee foraging algorithm (Vera et al. 2010) and binary particle
swarm optimization (Reche Lopez et al. 2008), a decision support system for multi-biomass
energy conversion in providing electricity, heating, and cooling using genetic algorithm and
sequential quadratic programming (A. A. Rentizelas, Tatsiopoulos, and Tolis 2009) and so on.
To the best of our knowledge, the availability of works utilizing metaheuristics to optimize the
biorefinery supply chain from biomass source to demand satisfaction is scarce (Ba, Prins, and
Prodhon 2016). The primary reason for this lacuna is the involvement of numerous constraints

at various nodes of this superstructure, necessitating the extensive requirement of constraint
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handling techniques. Conventionally, the metaheuristic techniques handle model constraints
by assigning a worse fitness value to the infeasible solutions. The fitness of such solutions is
usually determined using various penalty approaches (Deb 2000). Among the types of
constraints, the equality constraints are hard-binding ones and often induce infeasibility in the
solutions. These constraints often tighten the search space and force the metaheuristic
techniques to restrict the search to an n-1 dimensional hyperplane for an n-dimensional
constraint. The requirement of mass balancing at various distribution points translates into
equality-type constraints in the biorefinery supply chain. A proper direction to handle the
equality constraints in the models would aid the metaheuristics in providing various tactical

and operational level optimal decisions.

A biorefinery utilizes different processing technologies to produce valuable products (Yue,
You, and Snyder 2014; Bala et al. 2016) from the biomass procured from harvesting sites. The
possibility of considering processing technology and biomass flow rate as decision variables
inherently makes the model nonlinear and limits the likeliness of solving the model using linear
optimization techniques. The decision variables representing the flow rate of raw materials and
products have a discrete domain to avoid any value indicating an impractical flow rate,
resulting in domain constraints. The above constraints are generally realized using binary
variables in the mathematical model, exponentially increasing the computational complexity
for expensive case studies. Additionally, the plant capital cost varies nonlinearly with the
processing capacity (Bowling, Ponce-Ortega, and El-Halwagi 2011), which is crucial in
utilizing economics of scale. These models often use approximations for the cost calculations
to avoid complications and are optimized using linear solvers (Bowling, Ponce-Ortega, and El-
Halwagi 2011; Soren and Shastri 2021; El-Halwagi et al. 2013). In this chapter, attempts were

made to overcome these limitations by proposing a model devoid of binary variables and
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suitable for metaheuristic techniques. The absence of additional variables for tackling the
domain constraints and technology selection makes the model compact and dimensionally
inexpensive. The strategy implicitly handles the equality type nonlinear mass balance
constraints in converting the raw material into fuel, increasing the probability of determining
feasible solutions using metaheuristic techniques. The model studied in this chapter has
incorporated a nonlinear function for determining the capital cost required for implementing
the processing units. Although metaheuristic techniques do not guarantee the determination of
global optima, they are highly efficient in solving complex nonlinear optimization problems
(Ge and Li 2018; Aguitoni et al. 2018). Thus, their usage is justified to handle the nonlinearity

arising at the product processing stage of biorefineries and in determining plant capital cost.

2.2. Problem statement

The bio-fuel supply chain model (El-Halwagi et al. 2013) satisfies the biofuel demand of users
located at various geographical locations using multiple processing plants. The processing
plants are categorized as the main processing unit with greater processing capacities near
biomass sources and secondary processing units with smaller capacities installed close to the
demand locations. The biofuel demand of the users can be satisfied by (i) the main processing
unit, (ii) the secondary processing units, and (iii) a combination of main and secondary
processing units.

A generalized superstructure for the biomass-to-biofuel supply chain network is provided in
Fig 2.1. The superstructure requires decisions at various biofuel production stages, such as
biomass flow rates between the source and different processing plants, technology selection
for available biomass, and fuel distribution between demand locations. The cost of biomass

depends on the feedstock type and its quality, whereas transportation cost varies with transport
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mode and distance between various hubs. The plant setup and yearly processing costs of
specific biomass depend on the type of technology used and the capacity of the plant. The
objective of the optimization model is to minimize the total cost while satisfying the demand

for plant life.

Biomass source

Secondary
processing units

Main processing unit

if) iﬁ Biofuel users iﬁ

S N N N EN
i [ i 1 1
I [ 1 1 i
i L 'l i ]

Fig 2.1 Generic superstructure of the biomass-biofuel supply chain
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Set representing the harvesting sites
Set representing the type of biomass
Set representing the secondary processing units

Set representing the users are secondary location j

Set representing the available conversion technologies for biomass (7)

Index of biomass source ie/
Index of secondary location jeJ

Index of users corresponding to j secondary location, d €D,

Index of conversion technologies for i raw material type, €T,

Total biomass (7) available at harvesting site (/)
Unit cost of biomass (7) from harvesting source (/)
Minimum processing capacity at the main processing unit for i biomass

Maximum processing capacity at the main processing unit for i biomass

Transportation cost of biomass (7) from harvesting source (4) to the main
processing unit

Transportation cost of biomass (i) from harvesting source (%) to secondary
processing unit (f)

Transportation cost of the product from the main processing unit to a
secondary location (j)

Minimum biomass flow rate required for the main processing unit
Maximum biomass flow rate allowed for the main processing unit
Minimum biomass flow rate required for the secondary processing unit
Maximum biomass flow rate allowed for the secondary processing unit
Yearly working days

Maximum product flow rate allowed for the main processing unit
Minimum product flow rate allowed for the main processing unit
Large constant value for the cumulative penalty

Product demand for user (d) at the secondary processing unit (;)
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Total capital cost for the main processing unit
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Total product flow rate from main processing unit to j” secondary
processing unit

Total product flow rate from j* secondary processing unit to corresponding
demand locations

Total product produced at the main processing unit

Processing cost of biomass (7) from technology (#) at the main processing
unit

Penalty for domain violation of biomass flow rate in the main processing
unit

Penalty for minimum capacity limit violation in the main processing unit

Penalty for maximum capacity limit violation in the main processing unit

Penalty for upper bound violation in the product flow rate from the main
processing unit

Penalty for domain violation in the product flow rate from the main
processing unit

Penalty for the domain violation in the biomass flow rate to the secondary
processing units

Penalty for domain violation in upper bound of product flow rate
Penalty for violation of raw material availability constraint
Penalty for unsatisfied demand

Total processing cost in the main processing unit

Total processing cost in the j” secondary processing unit
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Flow rate of biomass (7) from harvesting site (/) to the main processing unit
Flow rate of biomass (i) harvesting site (/) to the secondary location (j)

Selected technology feT;

Product share of the user (d) in the secondary processing unit (j) from the
main processing unit.

Product share of the user (d) from the secondary processing unit (;))

Product delivered to user (d) in the secondary processing unit () from the
main processing unit

Product delivered to the user (d) in the secondary processing unit ().
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2.3.  General metaheuristic-based strategy for the superstructure

The model constitutes a set of bioresources or harvesting sites (4#eH ) capable of supplying
different types of biomass (ie/ ) to the main processing unit and a group of secondary

processing units ( jeJ ) for biofuel production (El-Halwagi et al. 2013). Each secondary

processing location has a set of users (deD;) with a specific demand (Z, ). The procured

biomass can be processed using one of the appropriate technologies (7€) available for
processing. The model requires three significant decisions: (i) the raw material flow rate from

the harvesting sites to the main processing unit (F,:"") and the secondary processing units

F*<), (ii) the product flow rate from the main processing unit (U"“") and the secondar
hij p p g id y

processing units (U ]S‘;) to the demand locations, and (iii) the conversion factor of the

technology determined using a determined variable (z;) for processing the biomass at each of

the processing units. The choice of the conversion factor depends on the integer decision
variable 7€7;. The model explained below relies on the penalty approach to avoid infeasible
solutions and is termed the standard model for further discussions. The proposed strategy,
explained in the later section, utilizes domain corrections and repair schemes to satisfy some
of the constraints and thus reduces the number of constraints. The metaheuristic strategy
inherently does not require binary variables; however, to depict the constraints mathematically,
a binary variable (w/) is used in certain constraints. The variable represents the technology
(¢) used to process the appropriate biomass (i) at any processing facility. The detailed solution

strategy and the selection of technologies in the proposed technique are explained in the later

sections.
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2.3.1. Balances at the harvesting locations

The total amount of biomass (i) supplied from a source (4 ) to the main processing unit

(F,™) as well as to the secondary processing units ( F, ) cannot exceed the available

feedstock (4, ,), as given in Equation (2.1) (El-Halwagi et al. 2013).

FMny e <4 VheH Viel (2.1)

h.i
jeJ

The above constraint is realized by associating a penalty value (5, ), which is a function

esource

of the constraint violations (Vio,,) that occurred at the harvesting sites. The violation (Vio,,, )

in the constraint associated with biomass flow at any harvesting location exists only when the
total biomass transported from a harvesting site is higher than the actual availability and is

determined using Equation (2.2).

FMaln FSec , FMam FSec >A
Vio, ;= ( " ]ZJ: ’”’] ’“ ,ZJ: i Viel heH

0 else (2.2)
1)Resource = Z Z Vioh,i

heH i€l

2.3.2. Balances at the main processing unit

The processing of biofuel in the main processing unit involves biofuel production from various
available biomass using appropriate technologies. The associated costs include the capital cost
for implementing the technology and the operating cost of the processing unit. The capital cost
of the main processing unit depends on the technology selected for the feedstock conversion
and the processing capacity of the unit, whereas the operating cost of the unit is dependent on

the transportation, procurement, and processing costs of the feedstock.
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The biomass (7) received from each source (/) is processed using an appropriate technology
(teT)) selected from a set of available technologies. The selection of different technologies
also changes the product yield, as the yield depends on a technology-dependent conversion

factor (z;). Each of the secondary processing units ( j ) can receive biofuel (kj.”""”) from the

main processing unit to satisfy the available user demands (U fj"” ). The Equations (2.3) and

(2.4) represent the mass balance for biomass and the processed biofuel distribution to end-users
at the main processing unit. In order to represent the technology selection mathematically, a

binary variable is introduced in the Equation (2.3). The binary variable (w/) represents the
selection of technology (#) from the set of available technologies ( 7}) suitable for the selected

biomass (7).

KMain :ZZT;M}; (Zqu,\;[ainj (23)

iel teT; heH

KMain =zkjl_\4ain and k]{%ain ! z Uin?in; \VIJEJ (24)
jeJ

deD;

Unlike the mixed integer linear programming (MILP) model, binary variables are not required
for the model that can be solved using metaheuristic techniques. However, a binary variable is
used for the mathematical representation of the technology selection, and it is not considered

while implementing Equation (2.3) in the objective function. The value of the conversion factor

7') for a technology is a known constant; however, the technology selection is a decision
; gy gy

variable. In the Equation (2.3), the term (z/w;) confirms that the conversion factor of the

selected technology for a specific biomass is multiplied by the total flow of the same biomass.

In order to illustrate the selection of technologies for biomass at the processing units, consider
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the example given in Fig 2.2. In the example, three different sets of technologies are available
for processing biomass types 1, 2, and 3. Each set can constitute one or more technologies for
processing appropriate biomass. Based on the example given in Fig 2.2, the second technology
is selected for biomass 1 among the three types of technologies available; accordingly, the

conversion factor corresponding to the second technology of biomass 1 (7 ) is selected at the

processing facility.

Algorithm
i=lt=2
i=2,t=1
6 i=3,1=3

Processing facility
! —>

- ) 2 1 3
Biomass (/) T,,0,,T; Biofuel

7 Y

Data for available technologies

z;_,,1€[1,2,3] (suitable for biomass type 1)
r/_,,t€[1,2] (suitable for biomass type 2)
r,_y,1€[1,2,3,4] (suitable for biomass type 3)

Fig 2.2 Selection of technology for biomass processing
Similarly, the conversion factors (7} and z; ) are selected for biomass types 2 and 3. As per this
model, an integer variable for selecting the appropriate technology (¢) corresponding to the
biomass (7) is considered, which in turn selects the value of the conversion factor (z;) used in
the Equation (2.3). The bounds of the integer variable are dependent on the number of
technologies available for biomass. The solution modeling given in Section 5 further
demonstrates the selection of technologies and corresponding valuable parameters. The total

product produced at the main processing unit is determined by first accumulating the individual
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2.3.  General metaheuristic based strategy for the superstructure

biomass received from each harvesting site and is calculated as in Equation (2.4). Each type
of biomass (7) is processed using a chosen technology appropriate for the selected biomass

(7}), and the total biofuel is determined by summing all the produce. The biomass processing

facilities at the main processing unit can operate under a maximum ( CAP"" ") and a

PMMmy processing capacity. The processing capacity of zero for any biomass

minimum (CA4
indicates the absence of the corresponding processing facility at the main processing unit
(Santibafiez-Aguilar et al. 2014; El-Halwagi et al. 2013).

( FhI’ll{ainZO jV(CAP[Main—Min SZFZ;[ain SCAP[MW_MWJ, iel (25)
heH

heH

Any violation in the lower or upper bound of the processing capacity is penalized using
Equations (2.6) and (2.7). The violation in the lower bound is realized using a hard penalty
(M), as the lower capacity limit has dual boundaries of approach; a proper dynamic penalty
function is difficult to decide. The penalty for violating the lower bound is determined using
Equation (2.6). The violation in the upper bound is penalized with respect to the magnitude of

violation from the maximum processing unit capacity as Equation (2.7).

M lf‘ 0< z F;l];[am < CABMain—Mz’n
Vio, = = . Viel

0 else (2.6)
Pc{\japin—min — z I/ioi

iel

z F}’l]!;[ain —CAPI.Mam —Max lf z Fh]z[ain > CABMain ~Max
WOi =< heH heH , vz EI
0 else (2.7)

Main—Max __ .
Feup = z Vio,

iel
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2.3.  General metaheuristic based strategy for the superstructure

The transportation of biomass and biofuel from various sources requires a minimum flow rate
and is restrained by an upper limit for the flow rate. This domain restriction on the flow rate is
important as it avoids any unrealistic flow rates. For example, a flow rate of 0.001kg/day of
biomass may be practically undesirable. The flow domain of the biomass and the biofuel in the
main processing unit is provided in Equations (2.8) and (2.9). Any nonzero biomass and biofuel
flow rates in the main processing unit are valid only in the appropriate flow interval (EI-

Halwagi et al., 2013).

(Fl"=0) v (Fyn <FY" <Fye ) Viel heH (2.8)
(kY =0) v (kyar <k <kyer ) VjeJ (2.9)

The standard approach introduces penalties (A1) for violating the flow domains as given in the
Equation (2.10). The upper bound of the decision variables directly addresses the violation in
the upper flow rate of biomass. The presence of discontinuity at the minimum required flow
rate forbids using bounds alone to realize constraints provided in Equations (2.8) and (2.9).
M ifO<F ™ <Fgu"
Vio,, ={ FO<ky; M Viel, heH

0 else (2.10)

Main  __ .
PDomain _z z Vloh,i

iel heH

Similarly, the penalty corresponding to the violation in the bounds of the biofuel flow rate is

provided in the Equation (2.11).

M i O<kM T <k
Vi0j={ 7 O<k, M jed
0 else (2.11)
Product .
Pl =" Vio,

Lower
jeJ
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2.3.  General metaheuristic based strategy for the superstructure

Any violation in the upper bound of the product flow rate from the main processing unit to the

PProduct

secondary processing unit is penalized. The assigned penalty value (£,

) is a function of

flow rate violation occurring in the main processing unit and is calculated using the
Equation (2.12). Unlike the hard penalty assigned for domain violation of biomass flow rate,

an adaptive penalty is considered to penalize the solution that violates the biofuel flow rate.

kMain _kMain , l kMain >kMam
Vio, ={ S Y jed
0 else (2. 12)
By = Vio,, VjeJ
JjeJ

The cost associated with biofuel production and supply includes the biomass procurement cost
(BCY™), the capital cost of the processing unit (C"*"), the processing cost for the biomass
obtained from different harvesting sites (PC*"), and the transportation costs for transferring

biomass from harvesting sites to the main processing unit ( 7C***“")

and biofuel to secondary
locations (7C”*““™ ") The procurement and processing cost of the biomass are given in

Equations (2.13) and (2.14). In Equations (2.13) and (2.14), the term B, represents the unit
cost of biomass (i) procured from the harvesting site (), whereas the term MCp; represents

the unit processing cost of biomass (i) using the selected technology (¢) (El-Halwagi et al.

2013).

BCMain — Z Zth/f;[aith’i (213)

heH iel

PCY™ =% MCp)w! [ > e } (2.14)

iel teT, heH
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2.3.  General metaheuristic based strategy for the superstructure

In Equation 2.14, the binary variable (/) is used to mathematically represent the determination
of processing cost with respect to the technology (7) chosen for the biomass (7). The
transportation costs related to biomass feed to the main processing unit and biofuel to the

secondary locations are given in Equations (2.15) and (2.16) , respectively (El-Halwagi et al.

2013).
TCBiofMain :Z Z El}i[ain th‘io*Mﬂi” (2 1 5)
iel heH
TCProduct—Main _ Z k;ldain Ct;lflai’l—sec (2 1 6)
jeJ

The capital cost is a technology-dependent parameter, and the cost coefficients are taken as per
the selected technology with a nonlinear relationship between processing unit capacity and

capital cost, as depicted in Fig 2.3.

Maximum = = = = = = = = = = = = — — - == = = = == == =

Capital cost of
processing unit

Cost = A+B X’

Minimum i

Infeasible !

(0,0} Miriismum Capacity of processing unit (X) Maximym

Fig 2.3 Nonlinear relation between plant capacity and its capital cost

For any biomass (i€l ), the capital cost for the processing unit with a chosen technology

(teT )with the selected processing unit capacity is determined using Equation (2.17), where
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2.3.  General metaheuristic based strategy for the superstructure

the cost coefficients (x; ) and (y;) are technology-dependent, and the exponent (0) is used to
account for economic scaling (Bowling, Ponce-Ortega, and El-Halwagi 2011). The values of

cost coefficients (x; and y/) in the Equation (2.17) are chosen depending on the selected

technology (¢) for the biomass (7).

iel teT; heH

5
CMainzzzW; (xlt+ylt(zl;}%ain] J (217)

2.3.3. Balances at the secondary processing units

The model considers the users at the secondary locations, and biofuel produced at the secondary

processing units is distributed directly to the users, neglecting any fuel transportation cost.

Each of the secondary processing units receives different biomass (ie/) from each source
(heH ) and processes them using an appropriate technology selected from the set of available
technologies (f€T;). Each secondary processing unit distributes biofuel (kf“) among the users

Sec

located in that region (U;%). In Equation (2.18), the value of the conversion factor (z;) is

selected appropriately for processing the biomass (i) using the selected technology (7) at the

secondary processing unit ().

kf“=zzr;mf[z F] vjeJ @.18)

iel teT; heH

YU =k Y jed (2.19)

deD;
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2.3.  General metaheuristic based strategy for the superstructure

The distribution of biofuel to various end users from a secondary processing unit is
mathematically represented in the Equation (2.19). Analogous to the biomass processing
facilities at the main processing unit, the processing at secondary facilities can operate under a
maximum and minimum processing domain as given in Equation (2.20) (El-Halwagi et al.

2013).

[Z F;fla] :0 ]V[CAB&C—M" < Z ElSlecj SCABS&'—M(L‘CJ, iEI,jEJ (220)

heH heH

The occurrence of a violation at the lower or upper bound of the processing capacity is

penalized using Equations (2.21) and (2.22).

M if0< Z Fec <CARS "

Vioi,jz heH , Viel,jeJ
0 else (2.21)
P =" "Vio,
jedJ iel

Z FhSlei _CAPiSec—Max lf‘ Z thSlecj‘ >CAPiSec—Max

Viol._jz heH heH , Viel,jeJ
0 else (2.22)
P =" Vio, |
jedJ iel

The flow rate of biomass from various harvesting sites to secondary processing units follows a
domain constraint as in Equation (2.23) that restricts the minimum ( F,) and maximum
(F;5<) possible flow rate required for a feasible transportation link. Unlike the main processing
unit, the users and secondary processing units are located at a common location and avoid any

fuel flow limit (El-Halwagi et al. 2013).

hi,j h,i,j

(Fe =0) v(Faw<FYX <Fy) VheH,iel, jeJ (2.23)
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2.3.  General metaheuristic based strategy for the superstructure

The above constraints are handled similarly to the domain constraints discussed for the main

processing unit. Any biomass flow in the restricted domain is penalized as provided in the

Equation (2.24).
‘ M ifO<F)S<Fo o
Vzo,”.,j: VheH,iel, jeJ
0 else (2.24)
P =z Z 2 Vio,,
iel heH jeJ

The operating cost of secondary processing units includes the cost associated with the

C JZ?io—Sec

procurement ( BC f“ ), transportation ( 7' ), and processing (PCf“ ) of the raw materials,

which is determined using Equations (2.25) — (2.26), respectively. The cost of biomass and its
transportation to the secondary processing unit depends on the location of the source.
The processing cost depends on the type of technology selected and the quantity of biomass to

be processed (El-Halwagi et al. 2013).

BCH=3">"FXB,, VjeJ (2.25)
heH iel
TCP =33 FeCtye s, VjeJ (2.26)
heH iel
PCE =" SCpiw] [Z FX ] VjeJ (2.27)
iel tel; heH

In the Equation (2.27), the value ( SCp; ) represents the processing cost of biomass (i) using the
selected technology (7) at the secondary processing unit (f). The capital cost for each secondary

processing unit (Cf"c) is determined using a procedure similar to that followed in the main

processing unit. The cost depends on the processing unit capacity and the type of technology

selected to process the biomass, as given in the Equation (2.28). The values of the
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2.3.  General metaheuristic based strategy for the superstructure

cost coefficients ( a; and b/ ) are chosen depending on the selected technology (¢) for the

biomass (i) at the secondary processing unit ( j).

)
=YY v (b(sz ] vjes (228)

iel teT; heH

The demand of users is cumulatively satisfied by both main and secondary processing units as
in Equation (2.29). Each of the processing units has the choice to provide biofuel to a particular

user. Moreover, when the fuel flow from any processing unit to the user is null, that flow route
is not considered. The violation of the user demand constraint assigns a penalty ( 5, ., ) if the

total product delivered at the demand locations is less than the actual demand. The assigned

penalty is a function of the violations (V,,) occurring at all the demand locations and is

determined using Equation (2.30).

Ul"+UY 2z, VjeJ,deD, (2.29)
Main Sec . Main Sec
V'd - Zj.d _(Uj'd +Uj:d )’ U(‘Zj’d >(Uj’d +Uj'd) VJEJ deD.
"o else i (2.30)
PDemand :Z Z I/j.d
jeJ deD;

2.3.4. Objective: Minimize total cost

The objective is to minimize the total cost of the model while satisfying the periodic fuel
demand among the users over the entire operational life of the processing units. The total
running cost of a processing unit is calculated by multiplying its periodic operating cost with

the operational life period ( /1, ) (El-Halwagi et al. 2013). The capital cost is determined only

once and directly added to the operational cost to obtain the total cost of the processing unit.

The total cost of the processing unit is determined using Equation (2.31).

32
TH-3505_156107002
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TLC:HY BCMain+ZBCfeC+T Bio—Main +TCProduct—Main+Z TCf[o—Sec_i_PCMain_i_zPC}Sec +

jeJ jeJ jeJ
Total biomass cost Total transportation cost Total processing cost
Main Sec
C™ + E C;
jeJ

Total capital cost

(2.31)
. . b3 Main Sec Main—Min Main—Max Sec—Min Sec—Max
VlozatlonTotal (ﬂ’) _])Resource +PDomain +PD0main +PCAP +PCAP +PCAP + PCAP +
Product Product
f)Lower + PUpper +P Demand

f=TLC+AP,

actor

(2.32)

The fitness value (f) of a potential solution is determined by including all the applicable penalty

values corresponding to each constraint. A large value as a penalty factor ( P,

ior) 18 also
accommodated with the total violations to isolate infeasible solutions from the feasible ones.

The fitness value is determined using Equation (2.32).

2.4. Proposed solution framework

Metaheuristic techniques imitate the optimization strategies followed by nature into
mathematical equations and attempt to solve real-world problems through an iterative process.
Most of these techniques begin their search by initializing a random population within the
search domain. Each member of the population denotes a possible solution, and the objective
function value determines its quality. The algorithms explore the available search space
iteratively to determine better solutions using the mathematical formulation of its inspiration.
Most of the classical optimization techniques are problem-dependent and require certain

problem information a priori. However, for metaheuristic techniques, such information is not
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mandatory, and usually, the optimization problem is treated as a black box. The solution
approach using these techniques does not require the model to be in canonical form; hence, the
model is free from binary variables. This feature primarily helps in reducing the problem

dimension, which is otherwise increased exponentially.

Although classical approaches are popular in solving supply chain problems, they often use
approximations with model nonlinearities. Such models use heuristic techniques for solving
problems with increased complexity. In this context, we propose an efficient way to optimize
the supply chain model by using metaheuristic techniques. We also demonstrate the flexibility
of incorporating nonlinearity into the model. In recent years, many nature-inspired algorithms
have been proposed; however, according to the no-free lunch theorem (Wolpert and Macready
1997), a specific algorithm cannot perform well in all types of optimization problems. Hence,
it is unfair to test the effectiveness of the proposed strategy using a single algorithm. Due to
these reasons, this chapter has employed some popular metaheuristic techniques, variants of
better-performing techniques, and recently proposed techniques for analysis. This study solves
a test case of the supply chain model using eight metaheuristic techniques: Differential
Evolution (DE) (Storn and Price 1997), Grey Wolf Optimizer (GWO) (Mirjalili, Mirjalili, and
Lewis 2014), Dynamic Yin-Yang pair Optimization (DY YPO) (Maharana et al., 2017), Single
Phase Multi-Group Teaching Learning Optimization (SPMGTLO) (Kommadath,
Sivadurgaprasad, and Kotecha 2016), Simultaneous Heat Transfer Search (SHTS) (Maharana
& Kotecha, 2016), Particle Swarm Optimization (PSO) (Kennedy and Eberhart 1995), Coyote
Optimization Algorithm (COA) (Pierezan & Dos Santos Coelho, 2018) and Genetic Algorithm
(GA) (Goldberg 1989). The salient features of these selected metaheuristic techniques are

provided in Table Al of Appendix A.
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The supply chain model needs to be appropriately modeled for metaheuristic techniques, as
these techniques lack inherent constraint-handling strategies. Most of the constraint-handling
techniques incorporate various penalty approaches to avoid the infeasible search space. The
current study utilizes a repairing strategy for handling the equality and domain constraints, thus
reducing the number of constraint penalties and aiding the techniques in determining feasible
solutions. The decision variables for the proposed model provide information regarding (i) the
flow of biomass to processing units from each source, (ii) the distribution of biofuel to the
demand locations, and (iii) the type of processing technology used at each processing unit. The
general decision structure is given in Fig 2.4. The structure is categorized into three sets. The
first set represents the amount of biomass transported to various processing units. The second
set determines the product flow from processing units to different demand locations, and the
last set indicates the technologies installed in the processing unit corresponding to the different

types of biomass received.

Biomass transport
A

Set 1 F™" YheH,iel, I, YheH iel, jeJ

hi,j?

~
MPU SPUs

Biofuel distribution
- Main - Sec - )
Set 2 LUSM ,V]EJ,dEDJ; f]Sj,d VjeJ,deD{

'S N
Product share from MPU Product share from SPU

Selected technology
Set 3 7} ,Viel 7,Viel,jeJ

b, N
MPU SPUs

Fig 2.4 Proposed decision structure for the main processing unit (MPU) and secondary
processing units (SPUs)

The decision variables representing technologies are integer variables, and the number of such

variables depends upon the types of biomass available and the number of processing units
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installed. In the current study, each biomass is assumed to be processed by utilizing one of the

available technologies and can be represented mathematically as Equation (2.33).

D> wi=l, Viel (2.33)

tel;

The proposed decision structure satisfies the above constraint directly and does not require a
binary variable to solve the problem using metaheuristic strategies. The standard approach uses
the biofuel flow rates as the decision variables for set 2 of the decision structure, requiring
balancing constraints for the Equation (2.18). Instead of directly considering the product
flow rates, the proposed solution model uses the ratios of fuel transported to each demand
location as the decision variables that have to be normalized for each processing unit. Thus,
equations representing mass balance at main and secondary processing units in Equation (2.4)
and (2.19), respectively, are remodelled and provided in Equations (2.34) and (2.35).
The mass balance for the main processing unit and the secondary processing units is given in

Equations (2.34) and (2.35).

KMain — Z Z Witz_it (Z F;lff;lain j

iel teT; heH (234)
Main o Main Main .
Ujs =US;a K™, VjeJ,deD,
ke = wir! ( stfj VieJ
FER & (2.35)

Sec oS Sec .
Uy =US k™ VjeJ,deD,
Equation (2.36) determines the product distribution profile among the demand locations from

—~ Main
the main processing unit and the secondary processing units. The variables (US,s ) and

—~ Sec

(US ;a ) represent the sharing ratio of the total product produced at the main and secondary
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processing units, respectively, among the users (d € D). As illustrated in the Equation (2.36),

the sharing ratios corresponding to each processing unit are normalized to ensure the total

distribution of produced products.

D;
/.~ Main

ZUJd—
d1

US,d—l Vied

Ma

1

~.
Il

(2.36)

& M\b

A correction approach is adopted for domain violations in the biomass flow rates from the
source to the processing unit, as given in Equations (2.37) and (2.38). Any nonzero flow rate

lesser than the minimum required is assigned a null value.

- 0 l 0<FMam <FMaln
FMan )7 4 M iel heH (2.37)
FM else
0 if 0<F <Fye
e = MM el jed heH (2.38)
CO\EY else

The domain constraint for fuel flow is handled using two approaches. Any nonzero fuel flow
from the main processing unit is analyzed for the required flow domain and is either penalized
or corrected depending upon the violated limit. The flow is corrected if it falls below the
minimum rate of flow needed, as given in the Equation (2.39). The violation of the upper flow

limit is handled as per the standard approach Equation (2.12).

- 0’ lf‘ O<kMam kM[L;m
JMein = LM e
M else
o (2.39)
- 0 lf‘ kj ain _
unt=s VjeJ,deD,
' U ?ﬁ’” else
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The domain correction strategy employed for the product flow also probes the instance when
there is no product flow from the main processing unit to any of the secondary locations and
then assigns null values to the biomass flow rates coming to the main processing unit from all

the harvesting sites as in the Equation (2.40). In this case, none of the secondary locations

receives the product from the main processing unit; hence, the main processing unit becomes

insignificant in the model.

J
O, ljr Z k;\/[ain - 0
=

-
F,"" else

EMe = Viel, he H (2.40)
The domain constraints representing the capacity restrictions in the main and the secondary
processing units are handled as shown in the Equation (2.41). The lower capacity violation is
corrected by assigning null values for the corresponding biomass flows, and the processing unit
is not installed. However, any violation over the maximum capacity is penalized with respect

to the amount of violation given in Equations (2.7) and (2.22).

O l‘f O< Z F;[I,\?ain < CABMain—Min

F;f;[am: heH ,VhEH,iEI
Fh{‘f‘”'” else
| » (2.41)
0 i 0<Y B <CAR"
Eflej: heH ,VhEH,iEI,jEJ
Fhsfj else

The violations in the resource and demand constraints are determined using similar calculations
followed in the standard approach. The fitness value of the solution is determined by
considering all the involved costs and the penalties associated with the constraint violation.

Violation,,,,(A) =F,
f=TLC+AP,

actor

Main—Max Sec—Max Product
+ PCAP + PCAP + PUpper + P Demand ( 2 4 2)

esource
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A comparison of the objective function between the standard approach (Equation (2.32)) and
the proposed approach (Equation (2.42)) shows the absence of domain and equality constraints

in the latter formulation due to the incorporation of new constraint-handling strategies.

Potential Solution

—
<——

Metaheuristic

technique Objective model

Repaired Solution,
Fitness value

Fig 2.5 Relation between model and metaheuristic technique

The proposed solution strategy provides a potential solution to the objective model, which
repairs the solution if necessary and evaluates its fitness. After the fitness value is determined,
the repaired solution and its fitness value are returned to the metaheuristic techniques, as shown
in Fig 2.5. A sample decision structure is shown in Fig 2.6, based on the supply chain example

provided in Fig 2.1.

Biomass transport
2

Setl Fv]fb][am P}A?am FSec FSec FSec P:?S;:c-j

251 L
™ NG

e e, & b
MPU SPU 1 SPU 2

Biofuel distribution
g Mai Mai Mai Mai Mai S S 1.5 S S
Set 2 [ GERUEIS [F o RlpE e ipisee giese g SR

h " v v
MPU —SPU 1 MPU—SPU 2 SPU 1 SPU 2

Selected technology

Set 3 Z_}Mal'n T}S'ec T;S'ec

MPUI SPU1 SPU2

Fig 2.6 Decision structure for a distributed biorefineries case for the main processing unit
(MPU) and secondary processing units (SPUs)

The example is assumed to have a single type of biomass that can be received from two
different bio-source locations and two options for the technology to convert the raw material
into products. The decision structure consists of nineteen variables, where the set one variables

39
TH-3505_156107002



2.5.  Case study of distributed biorefineries

decide the flow rate of biomass from the source to the processing units. Similarly, the product
produced at the first secondary location is shared between two users, whereas there are three
shares of products for the second secondary location. It should be noted that all the ratios
corresponding to individual processing units are to be normalized. Since only one type of
biomass is available, the solution structure has three variables representing the processing
technologies used at each processing unit. Each of the Set 3 variables represents integer values
with the upper bound as the number of available technologies. The main processing unit utilizes
the first technology, whereas the first secondary processing unit has chosen the second
technology, and the second secondary processing unit has chosen the first technology for

processing the biomass. A summarized flowchart of the solution process is in Fig 2.7.

2.5. Case study of distributed biorefineries

The effectiveness of the proposed model is validated using a distributed biofuel supply chain
problem in Mexico. The biomass is available at six different harvesting locations and can be
processed using one main and two secondary processing units. The case study requires the
satisfaction of the demand at four user locations shared among the secondary locations evenly.
The data related to raw material availability, the cost of implementing the processing units,
processing cost for the biomass using various available technologies, the transportation cost,
and demand at users are available in the literature (Santibafiez-Aguilar et al. 2014; Santibafiez-
Aguilar et al. 2011; Ponce-Ortega and Santibafiez-Aguilar 2019) and also provided in the

Appendix C. The case considers monthly demand and total plant life of 20 years.

The penalty value (M) assigned for the domain violation is taken as 10°, while the penalty

factor ( B,

actor

) required to penalize an infeasible solution is 10'°. In view of the stochastic nature
of metaheuristic techniques, twenty-five independent runs are performed to analyze the results.
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Fig 2.7 Flowchart of the objective evaluation
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2.6. Results and discussion

The optimization was performed on a computer with an Intel i7 @4.2 GHz processor and 32
GB of RAM using a MATLAB simulation environment. The population size is fixed at 250
for all algorithms except DYYPO, where it works with only two solutions. The termination
criterion for all the algorithms is selected as the maximum function evaluation set at 50,000 to
perform a fair comparison. Some metaheuristic algorithms utilize algorithm-specific
parameters other than population size and termination condition, which the users must define.

The values of the algorithmic parameters used in this chapter are provided in Appendix C.

2.6. Results and discussion

The proposed strategy is evaluated against the standard penalty-based model discussed in
Section 2.3. This chapter has adopted similar experimental conditions (as provided in the
Section 2.5 case study) for both strategies for solving the test case using the eight metaheuristic
techniques. The discussions broadly focus on two aspects of the results. In the first part, the
benefits of the proposed model in determining better solutions are demonstrated. The second
investigation provides a detailed solution analysis for superstructure design insights. Solution
analysis is an important aspect of models involving case studies, as it helps researchers better
understand the significance of each optimal decision variable and provides confidence in the

factual correctness of the study.

2.6.1. Statistical analysis

The fitness values corresponding to the best, worst, mean, median, and standard deviation (SD)
for all the algorithms with both approaches are given in Table 2.1. The best value among each
of the statistics is highlighted using bold typeface font. The total violations in the best solution
determined by each algorithm using both approaches are also provided in Table 2.1. The
techniques that have solved the biorefinery case study with the proposed strategy have
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identified feasible solutions in all of their runs. On the contrary, the violation reported in the

best solution of the metaheuristic techniques along with the standard approach indicates that

this approach has determined infeasible solutions in all the runs. The proposed strategy reports

the objective value with no violation, whereas the standard approach reports the fitness value

with violation. A detailed analysis of the solution determined by each algorithm using the

conventional approach has identified that the primary reason for the infeasibility of solutions

is the violation due to the equality constraints. Considering the best statistics of all techniques

with the proposed method, SPMGTLO determined the best solution with the lowest total cost,

whereas DY YPO found the solution with the highest total cost.

Table 2.1 Statistical analysis of the techniques

Algorithm Best Worst Mean Median SD *Violation
GWO 1.224E+09 1.419E+09 1.293E+09 1.281E+09 4.470E+07 -
DE 1.376E+09 1.493E+09 1.440E+09 1.446E+09 2.648E+07 -
gﬁ SPMGTLO 1.131E+09 1.247E+09 1.193E+09 1.191E+09  2.499E+07 -
c% GA 1.367E+09 1.614E+09 1.475E+09 1.463E+09 7.426E+07 -
Fq% PSO 1.221E+09 1.562E+09 1.324E+09 1.312E+09 8.564E+07 -
g DYYPO 1.658E+09 2.598E+09 2.095E+09 2.065E+09 2.589E+08 -
= SHTS 1.318E+09 1.437E+09 1.372E+09 1.363E+09 3.668E+07 -
COA 1.232E+09 1.399E+09 1.299E+09 1.297E+09 3.979E+07 -
GWO 4.364E+17 5.090E+18 2.587E+18 2.500E+18 9.998E+17 4.36E+02
g DE 2.910E+17 8.611E+17 6.086E+17 6.390E+17 1.511E+17 2.91E+02
g SPMGTLO 1.432E+16 3.262E+18 1.730E+18 1.574E+18 8.041E+17 5.34E+02
:: GA 8.238E+16 2.185E+18 9.200E+17 7.341E+17 6.663E+17 8.24E+01
é PSO 8.325E+14 1.458E+19 4.544E+18 3.896E+18 3.570E+18 8.33E-01
g DYYPO 6.166E+17 5.307E+18 3.120E+18 2.967E+18 1.343E+18 6.17E+02
§ SHTS 1.727E+17 4.847E+18 2.172E+18 1.895E+18 1.143E+18 1.73E+02
g COA 1.205E+16 3.937E+17 1.194E+17 7.689E+16 9.058E+16 1.20E+01
*Violations are observed in the best solution
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The second-best solution among all techniques is determined by PSO and is followed by GWO.
In most runs, GWO has determined better solutions than all techniques except SPMGTLO. The
violation in PSO and COA in the best solution reported using the standard approach is low.
However, the mean fitness value reported by PSO and DY YPO suggests higher violations in
multiple runs. Considering the statistical analysis of the standard penalty-based approach, PSO

is observed to determine the least violated solution followed by COA.

2.6.2. Convergence analysis

The convergence of the fitness function value of feasible solutions with respect to the
maximum allowed function evaluations for the proposed approach and the corresponding
violations are given in Fig 2.8 (c) and (d), respectively. GA has provided a quick convergence
among all the techniques by identifying the final value using minimum function evaluations.
Even after utilizing the maximum function evaluations, SPMGTLO, GWO, DYYPO, and DE
are unable to converge and suggest the need for relaxation in the termination criterion. Even
though SPMGTLO was unable to converge to its final value before the maximum function
evaluation, it has reported the best solution followed by PSO. The convergence of violations
for the proposed approach identifies PSO as the first technique in determining the feasible
solution among all, whereas DY YPO was able to determine the initial feasible solution only

after utilizing approximately 10 % of the allowed function evaluations.

The violations occurring in solutions are due to the constraints in the Equations (2.1), (2.9),
and (2.29). Each of the techniques was able to determine feasible solutions within the
termination criterion. Fig 2.8 (a) and (b) indicate the convergence of the fitness function value
of all solutions determined with respect to allowed function evaluation for the conventional
approach and the corresponding violation values by each technique.
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Fig 2.8 Convergence of total cost and constraint violation with standard approach (a and b) and proposed approach (c and d) in the best run
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Due to the absence of any correction approach for domain constraints (Equations (2.8) and
(2.23)) and the presence of equality constraints (Equations (2.3) and (2.18)) in the standard
model, the algorithms could not determine a feasible solution in any of the runs within the
specified termination criterion. The analysis highlights the effectiveness of the proposed
approach against the conventional formulation and provides evidence for aiding the

metaheuristic technique in moving toward a feasible search space.

The details of constraint violations representing the demand constraint (DMC), resource
constraint (RC), domain constraint (DC), capacity constraint (CC), and mass balance constraint
(MBC) obtained in the proposed approach, and the standard model is shown in Fig 2.9 and Fig
2.10 respectively. In the proposed approach, the constraints are violated up to the initial 10 %
function evaluations in all the techniques. In the initial phases of the search, the violation of
the resource constraint is higher for all the techniques, whereas satisfying the demand
constraint takes the majority of the elapsed function evaluation for determining feasible
solutions. Determining a feasible solution in the earlier stages helps the metaheuristic technique
improve the solutions and report better optimal solutions against the standard model. The
higher violations in the standard model are due to a large number of constraints and the absence
of any repairing strategy. The presence of equality constraints in the biomass-to-biofuel

conversion process is dominant at the termination criterion.

The violation value is significant in the majority of the techniques except for PSO. The absence
of domain correction also contributes largely to the increased violations and proves it is
difficult for the metaheuristic techniques to determine a feasible solution. This determination
of an initial feasible solution helps significantly improve the further search process and is

justified by the solutions determined by both approaches.
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Considering the violation in PSO in the standard model as acceptable and comparing the cost
reported with the proposed approach, it is observed to achieve a reduction of 45 % in the total
cost. Similarly, the performance of each technique has improved while using the proposed
approach, as observed in Fig 2.8. It has to be noted that the constraint violations are not
monotonic with respect to the function evaluations, as the fitness value of the solution considers

the cumulative violations, which are monotonic in the convergence profile of each technique.

The statistical analysis and the convergence profile of the violations reveal the superiority of
the proposed model in determining feasible solutions and helping the metaheuristic techniques
in improving the objective function value. Additionally, the use of repairing strategies for the
domain constraints reduces the complexity of the proposed model by efficiently handling
multiple constraints given in Equations (2.6), (2.8), (2.9), (2.21) and (2.23). The proposed
model also reduces the problem dimension by avoiding using binary variables, commonly used
in mathematical modeling for selecting technologies and determining active flow channels

between the supply chain hubs.

2.6.3. Optimal solution analysis

The optimal biofuel production plan aims to produce products equivalent to demand and avoid
excess production. The excess product increases the production cost as the users discard any
quantity above the demand. The product delivered to the demand sites by each algorithm is
shown in Fig 2.11. The analysis of product delivery schedules to different demand locations
determined by each metaheuristic technique will help identify the reason for total annual cost
variations. The production plan determined by DYYPO has provided the maximum quantity
of excess products, followed by DE. PSO has produced the least excess products for most

demand locations among all the algorithms, followed by GWO. Even though the excess
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products delivered by PSO for various demand locations are less than those delivered by
SPMGTLO, the total cost for the production plan determined by PSO is observed to be higher.
This ambiguity requires a detailed investigation of the technology implemented at each

processing unit and optimal site selection.
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Fig 2.11 Product delivery at each demand location by all techniques

The analysis of product delivery schedules to different demand locations determined by each
metaheuristic technique will help identify the reason for total annual cost variations. The
production plan determined by DYYPO has provided the maximum quantity of excess
products, followed by DE. PSO has produced the least excess products for most demand
locations among all the algorithms, followed by GWO. Even though the excess products
delivered by PSO for various demand locations are less than those delivered by SPMGTLO,
the total cost for the production plan determined by PSO is observed to be higher. This
ambiguity requires a detailed investigation of the technology implemented at each processing
unit and optimal site selection. The details regarding the implemented technologies and the

corresponding amount of biomass processed at various processing units are given in Fig 2.12.
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Among all techniques, DE and DYYPO utilize the highest number of technologies across all
the processing units to satisfy the demand. In all the available processing units, the techniques
have selected the third and fourth raw materials to be processed in a higher amount, as the yield
obtained by the third raw material is the highest, followed by the fourth raw material. Since
the total production cost for products produced from the fourth raw material is significantly
lesser than those manufactured using the third raw material, the majority of the techniques have
chosen to process the maximum allowed quantity of the fourth raw material at the main and
the secondary processing units. Most processing units avoid using the second and fifth raw
materials, as the total production cost of biofuel from these raw materials two is higher than
the product yield. The choice of inferior technology and biomass selection has resulted in costly
production plans determined by DE and DY YPO. The economics of scale helps the processing

at the main processing unit be economical for all the production plans.

The production plan determined by SPMGTLO has processed the maximum amount of raw
materials and more types of raw materials at the main processing unit, resulting in reduced
production costs. In this case, regional demand also plays an important role in determining the
total cost. The higher demand of users at the first secondary location forces the corresponding
implemented technologies to process a large quantity of the available biomass. The lower
demand at the second secondary location relaxes the production strategy, and thus, the total
amount and type of biomass processed at the second secondary processing location are less
than those processed at other secondary processing locations. The operating cost largely
depends upon the selection of harvesting sites, the quantity of raw material procurement, and
the type and capacity of the processing units. The breakdown for the total cost constituting the
installation cost of various technologies and operating cost (feed cost, transportation cost for

feed and biofuel, biomass-processing cost) for all the algorithms are given in Table 2.2.
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Table 2.2. Costs associated with the processing facilities

Algorithm Plant Raw material cost (8) Transport cost ($) Installation ~ Processing  Fuel transport
Raw 1 Raw 2 Raw 3 Raw 4 Raw 5 HI1 H2 H3 H4 H5 H6 Cost($) cost ($) Cost (9)

MPU 7.23E+07 - 5.90E+07 - - 3.04E+07 - 1.02E+07  7.40E+06 - - 1.21E+07 8.33E+07 1.03E-02
GWO SPU 1 7.95E+07 - 1.37E+08 9.98E+07 - 1.77E+07 2.87E+07 1.38E+07 9.67E+06 5.39E+06 1.13E+07 2.30E+07 1.74E+08 -
SPU2 - - 1.48E+08  5.72E+07 - 2.23E+07 - - 7.79E+06  1.00E+07 2.02E+07  1.30E+07 7T11E+07 -

MPU 2.07E+07 - 2.19E+08 5.60E+07 1.39E+06 231E+07 1.31E+07 1.01E+07 3.14E+06 1.10E+07 3.33E+06 1.75E+07 9.65E+07 1.33E-02
DE SPU 1 7.05E+07 1.10E+07 1.87E+08 - 2.41E+07 - 2.41E+07 1.85E+07 3.82E+07 9.14E+06 8.14E+06 2.32E+07 1.77E+08 -
SPU2 - - 1.37E+08 5.42E+07 - - - 1.06E+07 9.22E+06 1.07E+07  9.14E+06  1.30E+07 6.63E+07 -

MPU 727E+07 - 1.43E+08 1.06E+08 - - - 2.61E+07 7.21E+06 4.38E+06 5.66E+06 1.61E+07 1.36E+08 1.69E-02
SPMGTLO SPU 1 - - 1.35E+08 1.09E+08 - - - 3.78E+06 - 8.65E+06  1.04E+07  1.30E+07 8.42E+07 -
SPU2 - - 1.04E+08 4.90E+07 - - - 1.26E+07 7.19E+06  1.05E+07 - 1.30E+07 5.31E+07 -

MPU - - 2.24E+08 - 3.36E+07 3.81E+07 2.82E+07 1.13E+07 4.47E+06 8.40E+06 5.86E+06 6.50E+06 8.04E+07 1.22E-02
GA SPU 1 9.79E+07 - 9.03E+07 7.11E+07 - 3.13E+07 4.54E+07 7.43E+06 3.21E+07 2.75E+06 7.01E+06 2.30E+07 1.69E+08 -
SPU 2 - - 1.28E+08 6.73E+07 - 2.25E+07 1.57E+07 2.14E+07 - 1.29E+07 - 1.30E+07 6.76E+07 -

MPU - 9.74E+06  1.39E+08 1.34E+08 - - - - 4.03E+06 2.11E+07 5.09E+06 1.18E+07 8.61E+07 1.39E-02
PSO SPU 1 - - 2.09E+08 1.13E+08 - - 3.98E+07 1.17E+07 2.25E+07 4.50E+06 - 1.30E+07 1.11E+08 -
SPU 2 - - 1.12E+08  5.64E+07 - - - 1.89E+07 9.22E+06 6.98E+06 - 1.30E+07 5.84E+07 -

MPU - 1.11E+07 1.53E+08 8.79E+07 9.38E+06 2.19E+07 8.59E+06 1.06E+07 541E+06 1.18E+07 4.16E+06 1.33E+07 8.36E+07 1.06E-02
DYYPO SPU 1 6.46E+07 - 1.52E+08 - 4.12E+07 9.83E+07 3.52E+07 9.49E+06 3.12E+07 4.67E+06 1.24E+07 1.93E+07 1.55E+08 -
SPU 2 5.44E+07 - 2.24E+08 - 1.58E+07 2.87E+07 4.76E+07 2.10E+07 1.25E+07 1.93E+07 2.03E+07 1.93E+07 1.51E+08 -

MPU - 1.65E+06  2.39E+08 6.13E+07 - 3.74E+07 1.12E+07 3.00E+06 1.20E+06 9.70E+06 6.48E+06 1.18E+07 8.54E+07 1.24E-02
SHTS SPU1 347E+07 - 1.61E+08 6.31E+07 2.68E+06 1.13E+07 - 3.27E+06 3.90E+07 8.07E+06 4.56E+06 2.50E+07 1.19E+08 -
SPU2 4.64E+07 - 6.91E+07 5.51E+07 2.96E+06 1.69E+07 1.96E+07 2.89E+07 8.99E+06 7.09E+06 - 2.50E+07 9.84E+07 -

MPU - - 2.03E+08 1.25E+08 - - - 1.05E+07 3.65E+06  1.40E+07 4.51E+06 9.07E+06 9.06E+07 1.46E-02
COA SPU1 449E+07 - 1.49E+08  5.64E+07 - 2.16E+07 3.98E+07 1.61E+07 - 1.69E+06  1.08E+06  2.30E+07 1.23E+08 -
SPU2 - 370E+06 9.40E+07 7.20E+07 - - 9.80E+06  1.89E+07 1.18E+07 6.23E+06 - 1.69E+07 6.24E+07 -

All null values are represented by ‘-’; MPU: Main processing unit, SPU 1: Secondary processing unit 1, SPU 2: Secondary processing unit 2; Raw 1: Wood Chips, Raw 2: Sugar cane, Raw 3: Grain corn, Raw 4:
Grain sorghum, Raw 5: Sweet sorghum; H 1: Northwest region, H 2: South region, H 3: Center west region, H 4: Northeast region, H 5: East region, H 6: Center region
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2.7. Conclusion

The biomass and processing costs contribute up to 55% and 25% of the total cost. The decisions
related to the selection of optimal biomass type and processing technology are major
contributors to the superstructure design. The best supply chain network is determined by
SPMGTLO and is depicted in Fig 2.13. The interactions between harvesting sites, processing
units, and demand locations are shown in the optimal network. None of the harvesting sites
have supplied the second and fifth raw materials to any of the processing units, which are
among the available raw materials. Harvesting sites three and five have contributed the highest
number of network connections to all the processing units for supplying different types of
biomass. The processing units do not prefer the first and second harvesting sites among all the
available biomass sources. In all the demand locations, the demand is satisfied using both the

main and secondary processing unit.
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Fig 2.13 Supply chain network for the best solution
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2.7. Conclusion

This chapter proposes a novel modeling approach for solving the biomass-biofuel supply chain
problem using metaheuristic techniques. The newly introduced strategy aids the metaheuristic
technique in searching for the optimal solution by removing the hard equality constraints.
Moreover, it also integrates a repairing strategy for handling the domain hole constraints arising
in the feed and product transportation stages. The efficacy of the proposed model is tested on
a case study using six metaheuristic techniques to minimize the total cost. The studied
algorithms were able to determine optimal solutions for all the independent runs, representing
the robustness of the proposed strategy. The use of the standard approach for solving the case
study resulted in reporting infeasible solutions using metaheuristic techniques. This chapter
also discusses the importance of optimal decisions in various biofuel production stages, such
as selecting feed sources, transportation routes, technology selection, etc., with the help of a
diversified case study. Among all the selected techniques, SPMGTLO was able to satisfy the
product demand with minimum cost, followed by PSO. The proposed solution strategy will
guide the researchers in employing metaheuristic techniques to optimize the supply chain in
biorefineries as well as in other domains involving mass balances. The chapter discussed in
this chapter also provides insights regarding the effectiveness of efficient constraint-handling

strategies with metaheuristic techniques.
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Chapter 3

A multi-unit strategy based framework using metaheuristics for

biorefinery supply chain network

This chapter discusses a novel heuristic-based multi-unit supply chain framework that can
implement multiple units of a beneficial process to overcome plant capacity limitations. The
proposed framework is suitable for metaheuristic techniques and uses novel repairing operators
discussed in the previous chapter to handle the constraints and aid metaheuristic techniques in
determining quick, feasible solutions. The efficacy of the proposed formulation and strategies
used are demonstrated in a biorefinery case study solved using multiple metaheuristic

techniques, and the results are compared with the single-unit strategy.

This chapter is structured as follows: Section 3.1 provides the literature review related to this
chapter. Section 3.2 describes the problem statement used in this chapter. Section 3.3 details
the multi-unit framework for the biorefinery supply chain and the heuristic mechanism
employed for capacity planning. Section 3.4 discusses the proposed strategy for the multi-unit
framework, which is well-suited to the metaheuristic techniques. This is followed by Section
3.5, which details the various experimental settings employed in this chapter. Section 3.6
provides the results, a detailed discussion, and inferences from the results. The last section

discusses the major findings and benefits of the proposed multi-unit framework.

3.1. Background

The commercialization of biofuel needs optimal distribution and planning of the biorefinery
supply chain. Both terrestrial and aquatic categories of biofeed possess a large number of
biomass types. The selection of biomass would require information related to its availability,

choice of technology, and energy content (Aboytes-Ojeda et al., 2022). Approximately 40 —
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60% of the total operating cost of a biorefinery is used according to the feedstock selection,
which enforces the optimal choice of feedstocks based on their economic and environmental
loadings (Parajuli et al., 2015). In addition to the selection, quantity, and location of the
feedstocks, the strategic planning in the biorefinery supply chain involves the quantity of
feedstock to be processed, the site of the processing plant, the choice and capacity of

technology unit, and the selection of markets (Espinoza Pérez et al., 2017).

Among the decisions to be made in the supply chain network, locating the facilities at different
tiers is the most critical (Farahani et al., 2014). Ng & Maravelias (2017) solved the cellulosic
biofuel supply chain model by considering biomass selection and allocation, technology
selection, and capacity planning at the depots and biorefineries as the decisions. Santibafiez-
Aguilar et al. (2014) studied the sustainable planning of biorefineries by considering multiple
biomass feedstocks at various harvesting sites, different processing plants that produce multiple
products, economies of scale for the production technologies, product demand at markets,
location of storage facilities, and the transportation mode between each facility. A two-stage
biorefinery network involving stochasticity in the quality of biomass in terms of moisture and
ash content is solved for the large-scale production and distribution of bioethanol (Aboytes-

Ojeda et al., 2020).

There has been extensive research to propose various network design models for biorefinery
supply chains (Aboytes-Ojeda et al., 2022). These models often consider harvesting, collecting,
and processing biomass, storage, and transporting biomass and biofuel in the designing and
planning stages of the supply chains (Atashbar et al., 2016). Similarly, a widespread study in
the literature provides simulation-based models for exploring new technologies or optimizing

the existing biofuel generation methodologies. Giarola et al. (2012) observed that integrating
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first and second-generation technologies is more profitable and sustainable for bioethanol
production than standalone first and second-generation technologies. Shahbaz et al. (2020)
reviewed biomass processing and conversion technologies based on their merits, demerits,
process parameters, types, and routes of all processes for biohydrogen production. A
biorefinery superstructure guiding its technical, economic, and environmental aspects
considered 39 processing alternatives to produce bio-succinic acid (Dickson et al., 2021).
Although multiple studies have been performed on various biomass conversion technologies
and the supply chain management of biorefineries involving multiple technologies, the capacity

planning of the processing unit with a processing technology has been studied the least.

The capacity selection of a processing technology plays a crucial role in selecting profitable
biomass and corresponding processing routes. The restriction on the processing capacity of an
economical technology will lead to the selection of suboptimal technologies to satisfy the
energy demand. Various supply chain studies have used capacity selection as a decision
variable but did not analyze the effect of capacity planning (F. Zhang et al., 2017; J. Zhang et
al., 2013). The processed quantity of profitable biomass should only be constrained by raw
material availability for any biorefinery. However, the capacity constraints arising due to
design limitations of the processing units recommend operating the biorefineries using
suboptimal production plans. In case the economical processing technologies are unable to
process additional biomass, the production plan uses other lesser economic processing
technologies to satisfy the user demands. Although such constraints restrict the biorefineries
from reaching their optimal operating conditions, they play a significant role in avoiding
unrealistic plant configurations. Further, capacity constraints in distributed biorefineries limit
the use of economy of scale, where processing units with larger processing capacity are often

cheaper to produce biofuel (Santibafiez-Aguilar et al., 2014).
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The requirement of optimal decisions towards the selection of harvesting locations, choice and
quantity of biomass transportation, selection of processing locations, processing technologies
and their capacities, the quantity of biomass processed, and a detailed distribution profile of
the biofuel makes the superstructure a complex combinatorial optimization problem. The
choice of processing technology and the quantity of biomass processed are the two decision
variables in the mass balance equations that cause nonlinearity. In order to use linear solvers
for biorefinery supply chain problems requires additional binary variables to model such
nonlinearities. Additionally, these solvers use binary variables for the domain constraints
related to biomass and biofuel flow rates, processing capacities, etc. The use of such variables
often leads to an exponential increase in the problem dimension. These difficulties can be
handled using metaheuristic techniques, which are nature-inspired intelligent algorithms.
However, due to the lack of specific constraint-handling approaches, it is challenging for these
techniques to fulfill several constraints and find feasible solutions, which limits the volume of

research in this area (Ba et al., 2016).

In view of the above research gaps, the present study proposes a heuristic-based multi-unit
supply chain for biorefinery superstructures, which is suitable for metaheuristic techniques.
The framework uses a heuristic technique that helps in capacity planning at the biorefineries
without introducing additional binary variables. The framework optimally allocates multiple
process units for a profitable technology at any of the processing facilities. The repairing
operators proposed in Chapter 2 are integrated with the framework to help the metaheuristic

techniques quickly determine feasible solutions for the multi-unit strategy.
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3.2. Problem statement

3.2. Problem statement

The biorefinery supply-chain network studied in this chapter is adapted from Chapter 2 (El-
Halwagi et al. 2013), and it constitutes three echelons: harvesting sites as source nodes,
biorefineries as production nodes, and consumers as demand nodes. The harvesting sites can
supply multiple types of biomass to the production units, which are responsible for converting
the received biomass into biofuel using appropriate technology. They are categorized as the
main processing unit (MPU) and secondary processing units (SPUs). The MPU can process
larger volumes of biomass and is cheaper due to the economies of scale. The SPUs are small-
scale production units and are closer to the consumers. The MPU and SPUs use one of the
available technologies for each biomass to produce biofuel. The constraints involved in the
network include resource constraints, transportation domain constraints on biomass and biofuel
flow rates, capacity domain constraints at the production units, and demand constraints at
consumers. Biorefineries are allowed to install multiple process units of a selected technology

within their capacity domain. The generic network structure is shown in Fig. 3.1.

Harvesting sites

Fig. 3.1 Generic superstructure of the multi-unit biomass-biofuel supply chain
60

TH-3505_156107002



Nomenclature

Nomenclature
Sets
H Set representing the harvesting sites
1 Set representing the type of biomass
J Set representing the secondary processing unit (SPU)
D, Set representing the consumer at SPU

I Set representing the available conversion technologies for biomass ()
Indexes
i Index of biomass source i€/
Jj Index of SPU jeJ
d Index of consumer corresponding to j* SPU, d € D ’
t Index of conversion technologies for i raw material type, €7,
Parameters
o Coefficient for the economy of scale
B,ff‘” Unit cost of biomass (7) from harvesting source (/)
BMY Minimum biomass flow rate required for the MPU
B Maximum biomass flow rate allowed for the MPU
B> Minimum biomass flow rate required for the SPU
B Maximum biomass flow rate allowed for the SPU
H, Yearly working periods
LPC'"™ Minimum processing capacity at the MPU for i biomass
LPC™ Minimum processing capacity at the SPU for i biomass
pary Minimum product flow rate required for the MPU
Mo Maximum product flow rate allowed for the MPU
P... Large constant value for the cumulative penalty
R, Total biomass (i) available at harvesting site (/)
upcM Maximum processing capacity at the MPU for i" biomass
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Nomenclature

upC’™

Z

j.d

Maximum processing capacity at the SPU for i" biomass

Product demand for consumer (d) at the SPU (j)

Determined parameters

MTC*
MTC?®

MPU — SPU
PTC}

TH-3505_156107002

Biomass to the biofuel conversion factor for technology (#) corresponding
to biomass type (i)

Fixed cost coefficient for installing " technology corresponding to i type
biomass at main processing unit (MPU)

Variable cost coefficient for installing /" technology corresponding to i
type biomass at MPU

Transportation cost of biomass () from harvesting source (4) to the MPU

Transportation cost of biomass (7) from harvesting source (4) to SPU (j)
Total biomass procurement cost for the MPU
Total biomass procurement cost for the j# SPU

Fixed cost coefficient for installing 7 technology corresponding to i type

biomass at SPU
Variable cost coefficient for installing /%

type biomass at SPU

technology corresponding to i

Fitness value of the potential solution

Total capital cost for the MPU
Total capital cost for the j# SPU
Processing cost of biomass (i) from technology (¢) at the MPU

Total product transportation cost for the MPU

Total biomass transportation cost for the MPU

Transportation cost of the product from the MPU to a SPU (j)
Total product flow rate from MPU to j SPU

Total product flow rate from j SPU to corresponding demand locations

Total product produced at the MPU

Total processing cost in the MPU
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Nomenclature

pci

J
Pen,
Pen,,

Pen,,

SC/

STC?

V.

J
Via
Vii
Variables
B
BP”],\;IPU
By,

BPSPU

ni,j

MPU
Cia

TH-3505_156107002

Total processing cost in the j” SPU

Penalty for upper bound violation in the product flow rate from the MPU
Penalty for violation of raw material availability constraint

Penalty for unsatisfied demand

Processing cost of biomass (i) from technology (7) at the SPU

Total biomass transportation cost for the j# SPU

Upper bound violation in the product flow rate in the j SPU

Unsatisfied demand for consumer d in the j SPU

Violation in biomass (i) availability at source (/)

Flow rate of biomass (i) from harvesting site (%) to the MPU
Biomass (i) processed at the #n™ process unit of the MPU

Flow rate of biomass (i) harvesting site (%) to the SPU ()
Biomass (i) processed at the ' process unit of the j SPU
Product delivered to consumer () in the SPU (j) from the MPU
Product delivered to the consumer (d) in the SPU (j).

Product share of the consumer (d) in the SPU (j) from the MPU

Product share of the consumer (d) from the SPU (y))

Binary variable denoting the selection of (#) type technology corresponding
to (7) type biomass

Selected technology
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3.3. Multi-unit framework for biorefinery supply chain

3.3. Multi-unit framework for biorefinery supply chain

The framework uses certain repair mechanisms and a heuristic-based capacity-planning
technique for the supply chain. The framework constitutes a set of A harvesting sites, which
provide 7 type of biomass to the MPU, and a set of SPUs denoted by J. Each of the j SPU
locations has D; consumer demands. These demands are satisfied using the biofuel produced

from the MPU and the corresponding SPU. Each production center can use biomass-based
conversion technology 7, from a set of available technologies 7;. The biorefinery network is
modeled using three sets of decision variables, as depicted in Fig. 3.2. These sets represent (i)

the biomass flow rate from the harvesting sites to the production units ( B, and By, ),

(ii) the biofuel sharing percentage of the production units (S5 and S77") for the consumers

and (iii) the choice of technologies (7} ) at the production units.

Biomass transport Biofuel distribution Selected technology

—_— — — ;
VheH,iel VheH,iel,jeJ VjeJ,deDj Vied,d €D; Viel tel; Viel,jeJ teT;
MPU SPUs MPU share SPUs share MPU SPUs

Fig. 3.2 Decision structure for the multi-unit framework

Instead of the product flow rates, the proposed strategy utilizes the product sharing percentages
as the decision variable, which implicitly handles the equality constraints arising from the mass
balance between raw materials and products. The detailed formulation for the framework is

provided below.

64
TH-3505_ 156107002



3.3. Multi-unit framework for biorefinery supply chain

3.3.1. Balances at the harvesting locations

Each harvesting site can provide biomass to the production centers as per the available produce
(R, ), which acts as a resource constraint at the source as in Equation (3.1) (El-Halwagi et al.
2013). In the event of any resource constraint violation, where the total biomass transported

from any harvesting site exceeds the actual availability, a penalty value is determined

depending upon the violation as given in Equation (3.2).

B +> BYU<R,,  VheH\Viel (3.1)
jeJ
BMPU BSPU ) BMPU BSPU
Vii= ( ]Z; hi [~ ]Z; it Viel, he H
0 else (3.2)
Pen, = z ZVM
he H iel

The biomass transportation from the harvesting sites to the MPU and SPUs follows a flow
domain where any nonzero flow rate should be within a minimum and maximum limit. This
constraint helps in avoiding any impractical flow channels between the nodes. The maximum
flow limit of the biomass is the upper bound of the decision variables. In the case of violation
in the lower limit of the flow where a nonzero flow lesser than the minimum flow limit occurs,
a repair mechanism is employed, as shown in Equations (3.3) , and (3.4) that assigns zero value

to the flow rate.

0 if 0<BMY < MY
B = | Viel heH (3.3)
B else
0 if 0<B," <B,"
,ffl;_ Viel, jeJ heH (3.4)
" B,ffljj else
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3.3. Multi-unit framework for biorefinery supply chain

3.3.2. Balances at the main processing unit

The main processing unit is capable of large-scale biomass processing and is away from the
consumer locations. Each of the received biomass is processed using one of the suitable
technologies. The production of biofuel from biomass is shown in Equation (3.5). The

metaheuristic framework does not require binary variables to implement the technology
selection. However, a boolean variable y; is used in Equation (3.5), which assumes a value of

1 if the technology ¢ is selected for i™ biomass to mathematically represent the biofuel

production at the MPU.

PN oyl DB | teT (3.5)
iel heH
As given in Equation (3.6), the biofuel produced at the MPU is distributed among consumers

at different SPU locations using sharing percentages. The sharing among the consumers is

normalized as per the Equation (3.7) , ensuring the entire distribution of biofuel produced at

the MPU.
CHV=5ia PV WdeD,, jeJ (3.6)
J D ey
D> Sa =1 (3.7)
j=1d=1

The biofuel produced at the MPU is distributed among the consumers through the
corresponding SPUs. The biofuel transportation from the MPU follows a flow domain in which
nonzero biofuel flow to any SPU location should be within a minimum and maximum flow
limit. The biofuel flow to each SPU is determined using Equation (3.8). The upper flow limit

violation to the SPUs is penalized as per Equation (3.9), whereas any nonzero value for the
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3.3. Multi-unit framework for biorefinery supply chain

biofuel flow lesser than the allowed minimum flow limit is assumed to be zero, as in
Equation (3.10).

p"=2 Ol Y jed (3-8)

deD/

B [ oL
70 else (3.9)
Pen,=V, VjeJ

jel

P VieJ (3.10)
’ p;"PU else

o {o, if 0<p)™ <y
The correction approach in Equation (3.10) for the MPU is implemented for two cases where
the first represents the absence of one or more fuel flow channels to the SPUs, and the second
resembles the absence of any flow channel to the SPUs. In the first case, the corresponding
sharing percentages also assume zero value, as shown in Equation (3.11). The second case
implies zero biofuel flow to all consumers, indicating no production at the MPU and no
requirement for biomass at the MPU. The correction approach for the second case provides

zero value to all the biomass flow channels from the harvesting sites to the MPU, as in

Equation (3.11).

~mru |0 if PA?IPU =0

Jj.d = A~ Main VdEDj
Sia else
i . (3.11)
0, if Q. p; =0
B = = Viel,heH
B else

The biomass at the MPU is processed within the capacity domain of the selected technology.
The processing below the minimum limit is not permissible and is corrected by assigning zero
values to the corresponding biomass flow channels as in Equation (3.12) .
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3.3. Multi-unit framework for biorefinery supply chain

(B,ff’”:O,VheH)v(0<zB%PU<LPCZMPUJ, Viel (3.12)

heH
The requirement of biomass processing above the maximum permissible capacity limit is
accommodated using the multi-unit capacity planning heuristic mechanism and is discussed in
the later section. The operational costs of the MPU consist of the biomass cost, the processing
cost, and the transportation cost of biomass and biofuel to the required nodes and are given in

Equations (3.13) to (3.16) (El-Halwagi et al. 2013).

BC™ =% BV B (3.13)
heHiel
PCYY =" M ;y;[ZB;,‘f?’U} teT, (3.14)
iel heH

MTC*=>" > B"YBTC"’ (3.15)

iel heH ' ‘
MTC" =3 p¥™ PTC}™ > (3.16)

jet

The investment cost of the MPU constitutes the cost required for installing multiple units of
the implemented technologies and follows a nonlinear relationship. The cost estimation
comprises fixed investment cost and capacity-dependent variable component, as shown in

Equation (3.17).

IMPuzz Z y;(a;‘f‘b;(BR%PU)&), ZE]; (317)

iel neNypy

3.3.3. Balances at the secondary processing units

The SPUs are small-scale processing units and are located near consumer locations. Similar to
the production at the MPU, technologies suitable for the available biomass are used for biofuel

production as given in Equation (3.18).
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3.3. Multi-unit framework for biorefinery supply chain

prU=ZT;,jy;’j(ZB;TJ/.J, tel, VjeJ (3.18)

iel heH

The total biofuel production is distributed among the consumers using the sharing ratios and is
given in Equation (3.19). The sharing ratios for the consumers related to each SPU are

normalized using Equation (3.20) , ensuring the total distribution of the produce.

A~ SPU
CY'=S;ap)”’ VdeD, jel (3.19)
D.
L, ~SPU
D 8ia =1,VjeJ (3.20)

d=1

Analogous to the capacity constraints at the MPU, the processing capacity of SPUs follows a
processing domain for each of the selected technologies. The processing of any biomass below
the minimum capacity limit is not allowed, and the corresponding biomass flow rate is assigned

a value of zero, as shown in the Equation (3.21) (El-Halwagi et al. 2013). The upper capacity
limit (UPC> ) for any processing technology is relaxed by accommodating multiple
processing units of the selected technology using the capacity planning heuristic mechanism.
(B :0,‘v’heH)v(0< > B <LPC™ ] Viel, jeJ (3.21)
heH
The costs associated with the SPUs are determined to be similar to the MPU and are given in

Equations (3.22) - (3.25), where the Equations (3.22) - (3.24) represent the operational costs,

whereas Equation (3.25) represents investment cost (El-Halwagi et al. 2013).

BCIU =% B;[VB, VjeJ (3.22)
heH iel
STC? =§ZB§§§ BTC"", VjeJ (3.23)
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3.3. Multi-unit framework for biorefinery supply chain

PCfPU=ZSCl.’,jy;j[ZB,ffZ } tel, VjeJ (3.24)

iel heH

IU=Y Y v (e (BRY )} teTvies (3.25)
iel neNgpy

The demand at the consumer locations needs to be satisfied by utilizing the biofuel produced
at the processing centers, which is provided in Equation (3.26) (El-Halwagi et al. 2013). The

shortage in fulfilling the demand is penalized using Equations (3.26) and (3.27).

CYl+Cl2Z,, VdeD,, jel (3.26)
Z,-(crr+cty),  z,,>(crr i)
=q e AThdmmd e AT ) ydeD, jed
Jd ) I
0 (3.27)
PenDzzz“VM

JjeJ deD;
3.3.4. Objective: Minimize total cost

The biorefinery network aims to minimize the total cost while satisfying the applicable
constraints. The total cost is determined by adding the total operational cost of the plant and
the investment cost. The total operational cost is determined by multiplying the total plant
operational period by the periodic operational cost. However, the investment cost is determined

only once.

TLC=H,| BC*™ + BCT™ +MTC® +MTC"+) STC?+PC""+% PCY" |+

jedJ jeJ jeJ
Total biomass cost Total transportation cost Total processing cost
MPU SPU
MU (3.28)
J
jeJ

Total investment cost

f=TLC+(Pen,,+Pen,+Pen,)F,

Factor
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3.4. Proposed heuristic mechanism based framework

A fitness value (f) is assigned to each potential solution by including all the applicable penalty

values. The fitness value of a potential solution is identified by including all the applicable

penalty values corresponding to each constraint. A large penalty factor ( £,

o) 18 multiplied
by the total violations to help the metaheuristic techniques prefer feasible solutions over

infeasible solutions as in Equation (3.28).

3.4. Proposed heuristic mechanism-based framework

The heuristic mechanism helps in the capacity planning of the MPU and SPUs where the
biomass availability exceeds the processing capacity of a single processing unit of the selected
technology. A direct allocation of excess biomass to a second processing unit might violate the
domain constraints related to the processing capacity, as the extra biomass is not assured to be
within the processing capacity domain. The heuristic mechanism initially checks for domain
violation in the capacity limits of the selected technologies. Any violation in the lower capacity
limit is corrected, and the solution is returned to the objective function to determine the
associated costs. Then, the violations in the upper capacity limit of the selected technologies
are checked, and the technology units are based on two criteria. A single technology unit is
designated if the total biomass processing falls within the upper capacity limit. In case the total
biomass available for processing exceeds the capacity limit, multiple full-capacity units are
assigned appropriately until the total biomass is allocated for processing. The assignment
always checks the biomass allocation for lower domain violations and uses a repair mechanism
to avoid such a scenario. The repair mechanism determines the shortage of biomass required
to satisfy the lower production capacity and adjusts the quantity from the previously allotted

full-capacity unit.
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Fig. 3.3 Flowchart of the heuristic mechanism for capacity planning of MPU
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3.4. Proposed heuristic mechanism based framework

For a better understanding of the mechanism, a detailed flowchart for the heuristic capacity
planning of MPU is provided in Fig. 3.3. For the illustration of the heuristic mechanism,

consider an example in which a biomass (i=1) can be procured from two harvesting source
(h={1,2}). Assume that B,"\" =100 and B,"" =250. The total availability of the biomass
B_,=400. The lower processing capacity and the upper processing capacity for the biomass in

the MPU is provided as LPCY*" =150 and UPC"*" =250 . The various steps involved in the

heuristic mechanism to determine the number and capacity of processing units for the given

biomass quantity are provided below.

On analyzing the bounds, it is observed that B_ >LPCY"™ and B_ >UPCY™ . Hence, the
required number of full capacity processing units is set as 1 and its capacity as BP, ;=250
.The remaining quantity of biomass to be processed is B_ =400-250=150. To assign the
unallocated biomass, the bound checking is performed and observed that B_ >LPC""" and
B_ <UPCY™ . Hence, the required number of full capacity processing units is increased to 2,

and the capacity of the second unit is set as BF, ,, , =150.

In some instances, the remaining quantity of biomass to be allocated might be lesser than the

lower capacity of a processing unit. To illustrate such a scenario, assume that LPC"*" =200
and UPCY"™ =250 . The first unit with a full capacity is allocated for processing the biomass.
However, the remaining quantiy (B_,=150), violates the lower capacity bound B_ <LPC"

. Hence, the quantity of biomass lesser than LPC" is identified as B_ —LPC"™ =50. The

total amount of biomass is redistributed among two processing units as below
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3.4. Proposed heuristic mechanism based framework

for n=1, BP

n=1,i=1

=250-50=200 and for n=2, BP,_,,,=150+50=200

Metaheuristic techniques try to improve the solutions in an iterative way using a set of
equations. These techniques usually consider the problem as a black box and require suitable
transformations of the mathematical model where each potential solution from the techniques
can be measured for its goodness using the model equations. The general steps involved in the
techniques can be summarized as (i) initialization of a random population within the variable
bounds and determining their objective value, (ii) generation of new solutions using the
variation operators of the metaheuristic technique, and evaluation of their objective value, (iii)
determine the population for the next iteration using the selection strategy of the technique.
Steps (i1) and (iii) are performed iteratively until the termination criterion is satisfied. Real-life
optimization problems comprise multiple constraints, and the lack of dedicated constraint
handling techniques often creates difficulties for the metaheuristic techniques in determining
feasible solutions. There have been many approaches for handling constraint optimization
problems using metaheuristics (Coello Coello, 2002). However, most techniques are observed

to rely on penalty-based approaches (Mezura-Montes & Coello Coello, 2011)

The penalty-based approach uses penalty functions to penalize the objective function value of
an infeasible solution. In that case, the objective function value is termed as the fitness of the
solution. Using the fitness value as a measuring criterion helps the metaheuristic techniques
identify feasible solutions among a pool of solutions. The determination of better solutions by
depending only on penalty-based approaches often leads to poor performance of the
metaheuristic techniques (Maharana et al., 2022), which can be improved by repairing

infeasible solutions and communicating them to the techniques, as shown in Fig. 3.4.
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3.5 Case study for multi-unit strategy

Objective function Capacity planning (MPU/SPU)
) ) _ Determine maximum full capacity
Domain correction for biomass flow Riomass availabilivv. | Processing units of cach technology
Solution S o 1 R :
Productdisitibuiion tomsers Seleced technologies | chock for processing domain violation
£ £ : " ) i
Metaheuristic [ > P of unallocated biomass
Technique Domain correction for biofuel flow Assign required biomass from full
Caleulate penalty < Capital cost | capacily unil to avoid domain violation
apil: sl
Carrected solution, ) Operating cost, | Determine capital and operating cost for
Fitness Compute the total lifc cycle cost Biofuel produced | aach processing unit
Calculate fitness Determine biofuel produced from each
processing unit

Fig. 3.4 Interaction between the objective function and metaheuristic technique

This chapter uses the same metaheuristic techniques used in Chapter 2 for analyzing the

efficacy of the proposed multi-unit framework.

3.5. Case study for the multi-unit strategy

The proposed multi-unit framework is applied to address a case study of a distributed biofuel
supply chain involving six harvesting sites, one main processing unit (MPU), and two
secondary processing units (SPUs). The case study, previously introduced in Chapter 2, is
revisited in this chapter. Detailed data on biomass costs, monthly availability, processing
technologies, and both investment and operating costs for the case study are provided in the
Appendix. This analysis uses 25 independent runs for the metaheuristic techniques using a
desktop computer with an Intel 17 @4.2 GHz processor and 32 GB of RAM on the MATLAB
2019a simulation environment. The presented analysis uses a population size of 250 for all the
metaheuristic techniques except DYYPO, as the population size for DYYPO is 2. A common
termination criterion of maximum function evaluation is applied to all the techniques, and the
value is set at 100000 function evaluations. The other user-defined parameters for the
techniques are considered as suggested by the inventors of the algorithm without performing
any tuning. The considered case study requires 98 continuous and 15 integer decision variables

and 241 constraints.
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3.6. Results and discussion

This section discusses the performance of the proposed multi-unit framework in determining
solutions with better total cost than the solutions of the single-unit framework. Subsequently,
a detailed solution analysis is performed to highlight the benefits of the multi-unit framework

in various strategic and operational level decisions of the biorefinery superstructure.

3.6.1. Statistical analysis

The statistical measures for all the techniques are provided in Table 3.1, where the minimum
value across each statistical measure is highlighted in boldface font. Each technique could
determine better solutions using the multi-unit framework as against the single-unit framework.
The maximum benefit of using the multi-unit framework is observed in the case of DE followed
by GA, where these techniques are able to decrease the total cost by 8.3 % and 7.38 %,
respectively, compared to a single-unit framework. In comparison to all other metaheuristic
techniques, the best solution determined by SPMGTLO showed less improvement from the
respective single-unit solution. However, SPMGTLO is able to determine the best solution
with the least total cost, as observed in Table 3.1. For the best, worst, mean, and median
statistics, SPMGTLO showed better performance compared to all the techniques, whereas the
performance of DYYPO is worse in all the statistic measures. In all the performed runs, the
metaheuristic techniques were able to determine feasible solutions, which can be observed from
the mean fitness value in Table 3.1. The mean and median values of each metaheuristic
technique with the multi-unit framework are close, indicating the consistency of these

techniques in identifying similar solutions in the majority of runs.
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Table 3.1 Statistical analysis using single and multi-unit strategies

Total cost of multi-unit framework

Total cost of single-unit framework ( $10%) o Improv:

Technique ($10°) unit fra
Best Worst Mean Median SD | Best Worst Mean Median SD
GWO 1.20 1.36 1.28 1.27 0.04 | 1.17 131 1.23 1.21  0.04
DE 1.33 1.44 1.38 1.38 0.02 | 1.22 1.29 1.25 1.26  0.02
SPMGTLO | 1.13 1.21 1.17 7 0.02 | 1.11  1.22 1.15 1.14  0.02
GA 1.34 L5Y 1.45 1.46 0.06 | 1.24 1.63 1.39 1.37  0.08
PSO 1.22 1.57 1.33 1.32 0.08 | 1.17 1.41 1.28 1.27  0.05
DYYPO 1.52 2.33 1.85 1.84 0.22 | 1.42 2.06 1.69 1.66  0.15
SHTS 1.24 1.39 1.32 1.32 0.03 | 1.18 1.33 1.27 1.29  0.04
COA 1.18 1.33 1.26 1.25 0.04 | 1.13 1.29 1.20 1.20  0.04
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The deviation of the best value from the mean value is lower for DE compared to other
metaheuristic techniques, specifying its potential to determine better solutions in most runs.
Even though the best value determined by GWO and PSO is approximately equal, the better
mean and median value of GWO indicates its superior performance compared to PSO. It is
observed that DE with the multi-unit framework is able to obtain approximately a 9.15 %
improvement in the mean value compared to the single-unit framework, followed by DY YPO
with 8.53 %. The total cost determined at the end of each independent run corresponding to
each algorithm is considered a sample for the Wilcoxon signed-rank test, which is performed
to analyze whether the results obtained from the two algorithms (samples) are statistically
different. The p-value obtained in each pair-wise comparison of algorithms is less than the
significance level of 0.05, indicating the results provided by all algorithms are statistically
different from each other. Such an inference is not observed when comparing the p-value of

DE with SHTS and PSO. The results of the test are provided in Table B1 of Appendix B.

3.6.2. Convergence analysis

This section analyses the performance of the metaheuristic techniques based on convergence
to the final solution within the termination criterion of maximum function evaluations. The
convergence of the best objective value and the total constraint violations with the function
evaluations are depicted in Fig. 3.5. All the techniques are able to determine a feasible solution
within fewer functional evaluations by using the multi-unit framework, compared to the single-
unit framework as observed from Fig. 3.5 (b) and (d). It should be noted that the presence of
more constraints in the model leads to the usage of more function evaluations to determine
better solutions. In this regard, the multi-unit framework uses a heuristic mechanism that
provides flexibility in capacity planning at the MPU and SPUs by allowing multiple process

units for the economical processing technologies.
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Fig. 3.5 Convergence of all techniques in the single-unit framework (a) total cost (b) violation of the constraints and the multi-unit framework
(c) total cost (d) violation of the constraints

79
TH-3505_156107002



3.6. Results and discussion

The proposed heuristic mechanism repairs the solutions that violate the capacity constraints of
any process unit and thus helps the metaheuristic techniques determine feasible solutions in the
earlier iterations. In both strategies, PSO was the first to determine the initial feasible solution
and thus showed a faster convergence profile in the initial functional evaluations. However, in
both the single and multi-unit framework, PSO is unable to improve the objective value further
after utilizing approximately half of the maximum function evaluations. DYYPO and PSO
converged more quickly to the final objective value for the multi-unit framework than the
single-unit framework. For the multi-unit framework, DYYPO, PSO, and GA were able to

converge to the final objective value within the maximum functional evaluations.

However, the convergence profiles of DE, SPMGTLO, GWO, COA, and SHTS indicate the
possibility of improvement in the final objective value by providing more function evaluation.
The final population analysis helps get a set of converged solutions that show a trade-off in
their fitness value. These solutions can be used when the optimal solution is limited by any
additional operational constraints. The fitness value (total cost) of the converged feasible
population after utilizing the maximum allowed function evaluations is provided in Fig. B1 of

Appendix B.

3.6.3. Optimal solution analysis

A detailed solution analysis helps identify key contributions of the multi-unit framework in
reducing the total cost of the supply chain network. The biomass distribution at the processing
units using the single and the multi-unit framework determined by SPMGTLO are shown in
Fig. 3.6. Due to the capacity restriction in the single unit framework where only one unit of

each processing technology is allowed, the MPU and SPU2 used a costlier production plan and
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Fig. 3.6 Biomass distribution (in tonne/month) for single-unit framework (a) MPU, (b) SPU1, (c¢) SPU2 and
multi-unit framework (d) MPU, (e) SPUI1, (f) SPU2
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additionally used wood chips and grain corn, respectively, to satisfy the demand. In contrast,
the relaxation to process the additional quantity of biomass using multiple technology units
helped the multi-unit framework satisfy the demand with only two types of biomass. In
addition, due to the economies of scale, processing at the MPU is cheaper, and the multi-unit
framework helps in processing a higher quantity of biomass at the MPU. The processing of
biomass grain corn and grain sorghum has increased by 85% and 59%, respectively, at the
MPU using the multi-unit framework. Similarly, the processing quantity of biomass grain corn

decreased by 65%, and the processing of grain sorghum increased by 71% at SPUI.

In the case of SPU2, only one type of biomass is observed, and the unit completely avoids the
use of biomass grain corn. It should be noted that the requirement to satisfy higher demand at
the SPU2 necessitates the processing of a higher quantity of biomass. Hence, the multi-unit
framework allows the processing of an additional quantity of biomass grain sorghum and
removing biomass grain corn from the production plan of SPU2. The need to satisfy the
demand of each customer can lead to excess production at each of the processing units. In such
a scenario, producing additional biofuel causes a financial burden on the overall system and is
directly related to a higher total cost. The biofuel supplied to each consumer using the single-
unit strategy and the multi-unit framework are shown in Fig. 3.7. The consumer product
distribution profile using the single-unit framework shows a higher product supply, exceeding
the consumer demand. DYYPO and DE were observed to produce and distribute a higher
quantity of products among the majority of the consumers. A similar trend is also witnessed
while using the multi-unit framework; however, the additional quantity of biofuel produced
and distributed among the consumers has been reduced significantly, leading to lower total

cost.
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Fig. 3.7 Demand distribution for single-unit and multi-unit strategies

The production plan demonstrating the choice of harvesting location, the quantity of biomass
procurement and processing at MPU and SPUs, and their associated costs are given in Table
3.2. In the single unit case, the capacity restriction led to the use of three types of biomass in
the MPU and two types of biomass at each of the SPUs. However, the multi-unit strategy could
use multiple process units at the MPU and SPUs, thereby avoiding the use of wood chips.
Although the use of multiple process units increases the initial investment costs, it appears to
be beneficial in long-term operations and can significantly reduce the total technology costs
over the life of the processing units. Similarly, the use of economies of scale makes it cheaper
to produce at the MPU, and hence, the total biomass processed for grain corn across the MPU
is increased, whereas the total biomass processed across the SPUs for grain corn is reduced.

The production of biofuel from grain sorghum is economical, and hence, the processing units
have increased the processing share of the grain sorghum in the multi-unit strategy. It is noted
that a large quantity of grain sorghum is also processed at the SPU2 due to the higher demand

at the SPU2.
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Table 3.2 Biomass procured, processed, and the cost associated with biomass conversion for

single-unit and multi-unit frameworks

Single-unit framework

MPU SPU1 SPU2
Biomass type B1 B3 B4 B3 B4 B3 B4
H3 1400 1341 1395 - - 246 389
Biomass procured  H4 1317 172 - - - 760 712
(tonne/month) H5 - s 703 1386 1383 1046 1128
H6 667 - 1400 1187 1067 - -
" : Pretreatment, acid Pretreatment, acid Pretreatment, acid
Gasification and . . .
Technology . . hydrolysis and hydrolysis and hydrolysis and
Biosynthesis . { .
fermentation fermentation fermentation
Processing capacity of 3384 1513 3498 2574 2450 2052 2230
unit 1 (tonne/month)
Biomass Cost
($ million/month) 0.29 0.31 0.59 0.53 0.41 043 0.37
Operating cost
($ million/month) 0.27 0.09 0.16 0.19 0.14 0.15 0.13
Investment Cost 12.00 8.71 6.83 7.26 5.69 7.26 5.69
($ million)
Total technology cost 77.00 2080 4510 5210 3920 4300  36.10
($ million/20 yrs)
Multi-unit framework
MPU SPU1 SPU2
Biomass type B1 B3 B4 B3 B4 B3 B4
H3 - - 1399 306 1399 - -
Biomass procured H4 - 1393 1352 - - - 1359
(tonne/month) H5 = = 1400 - 1384 - 1294
H6 - 1400 1399 578 1400 - 1349
Pretreatment, acid Pretreatment, acid Pretreatment, acid
Technology - hydrolysis, and hydrolysis, and hydrolysis, and

Processing capacity of
unit 1 (tonne/month)

Processing capacity of
unit 2 (tonne/month)
Biomass cost
($million /month)
Operating cost

($ million /month)
Investment Cost

($ million)

Total technology cost
($ million/20 yrs)

fermentation
2793 3551

- 1999
0.58 0.93
0.16 0.25
8.71 13.70
47.70 74.30

fermentation
885 2841
- 1342
0.18 0.70
0.06 0.24
7.26 11.40
22.70 68.50

fermentation

- 2841

- 1161

0.67

0.23

11.40

66.10

H3-H6: Harvesting locations, B1: Wood chips, B3: Grain corn, B4: Grain sorghum
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Fig. 3.8 Multi-unit network structure for the (a) initial feasible solution and

(b) final solution determined by SPMGTLO
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The network representation for the initial feasible solution and the final solution determined by
SPMGTLO is shown in Fig. 3.8. The initial feasible solution uses all the harvesting locations,
whereas the final solution uses only four harvesting locations for the supply of biomass to the
processing units. The initial feasible solution for the multi-unit strategy uses two process units
for biomass B4 at all the processing locations and two process units for biomass B3 at SPU1.
The solution also uses single process units of the biomass at various processing locations.
However, the final multi-unit framework implemented two process units, each for the MPU
and SPUs for biomass B4. Biomass B3 is processed at the MPU and SPUI1, whereas only
biomass B4 is processed at the SPU2. The use of costlier biomass and additional process units

for biomass B3 has resulted in a costlier production plan for the initial feasible solution.

3.7. Conclusion

The choice and production capacity of the processing technologies are critical in harnessing
maximum economic benefits in the biorefinery supply chain. The restrictions on the capacity
of processing technologies often result in a suboptimal production plan that uses less
economical technologies to satisfy the demand. This study presented in this chapter has
overcome the capacity restriction of processing technologies by proposing an efficient heuristic
multi-unit supply chain framework that enables the installation of multiple beneficial process
units at the biorefineries. The proposed framework is suitable for solving using metaheuristic
techniques and uses novel repair operators to satisfy the domain constraints, mass balance
constraints, and capacity constraints.

The effectiveness of the proposed framework is analyzed by solving a case study of distributed
biorefinery involving nonlinear cost functions using eight metaheuristic techniques. All the

techniques were able to determine feasible solutions for the multi-unit supply chain case study
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in every independent run. The approach uses multiple units of processing technologies at the
main and secondary processing facilities, increasing the economic gains over the single-unit
supply chain. This chapter also studied the relevance of decisions in selecting the best choices
at many stages of the biofuel production process, including the selection of feed sources,
transportation routes, and technologies. SPMGTLO was able to satisfy the product demand
with a minimum total cost, followed by COA with the multi-unit framework. The proposed
framework is expected to aid researchers in addressing capacity planning in the supply-chain

network of biorefineries and optimizing the model using metaheuristic techniques.
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Chapter 4

Multi-unit strategy based mixed-integer linear programming

model for biorefinery supply chain network

This chapter proposes a distributed multi-unit MILP supply chain model for biorefineries,
which can utilize multiple technological units for each biomass. Firstly, a single-unit
superstructure from the literature is improved to accommodate multiple technological choices
for different biomass and constraints related to processing capacity and fuel transportation. The
single-unit model is extended to a multi-unit model by providing provisions for installing more
than one process unit of the selected technology. The proposed model incorporates the
investment and operational costs for a biorefinery, and the efficacy of the model is

demonstrated in a distributed biorefinery case study.

This chapter is structured as follows: Section 4.1 provides a detailed literature review
highlighting the requirement of capacity planning in biorefineries. Section 4.2 details the
proposed multi-unit mathematical model for the biorefinery supply chain. Section 4.3 provides
the details of the case study employed to analyze the benefits of the multi-unit model of the
biorefinery. Section 4.4 analyzes the obtained results and discusses the various inferences. The
last section concludes the chapter by summarising the benefits of the proposed multi-unit

model.
4.1. Background

The selection of optimal processing technologies is essential in determining the economic
sustainability of biorefinery superstructures (Mitkidis et al., 2018; Shahbaz et al., 2020).
Biomass processing requires several complex stages that differ depending on the type of
biomass and the selected technologies (Mutenure et al., 2018). The efficiency of biomass
supply can be improved by using pre-processing, as observed by Shastri et al. (2012). A MILP
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model proposed by Potr¢ et al., (2020) incorporates multiple technologies to synthesize a large-
scale biorefinery supply chain network while balancing economic, social, and environmental
aspects. The quantity of biofuel produced also depends on the processing capacity of the
technology employed and immediately impacts profitability (Ge et al., 2021).

In recent years, the exploration of numerous new technologies and the advancement in the
procedures for generating biofuels have gathered more attention than the choice of processing
capacity. Biomass to biofuel conversion is carried out using complex technologies, which are
often capacity-restricted. Although these restrictions are used to satisfy the design limitations
of processing technologies, they often lead to the selection of suboptimal technologies to fulfill
the demand. A large capacity biorefinery might possess economics of benefit for the processing
cost. However, such refineries are usually located away from the demand locations. The
requirements at the demand locations might necessitate the installation of smaller processing
units, considering the initial investment cost and periodic transportation cost. Similarly, the
inability to process additional biomass using a cheaper technology will lead to the use of other
costlier processing options for various demand points of the supply chain. Additionally, the use
of processing domains on the chosen technologies often makes it a suboptimal choice to assign
multiple process units directly based on the processing requirement.

Many works in the literature use the processing capacity as a decision variable (F. Zhang et al.,
2017; J. Zhang et al., 2013); however, the capacity selection is restricted within the feasible
range of a single processing unit. Processing technologies are usually associated with a
considerable investment cost, and a long-term economic analysis is essential to determine their
effect on the operational life of a plant. A profitable biorefinery should ideally be restricted
only by resource constraints such as the available technologies, investment budget, or raw
materials. However, the restriction on the processing capacity of a selected technology
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artificially confines the biorefinery from reaching the true optimal processing capability. Each
installed processing technology follows a processing domain to avoid unrealistic plant design,
which is proportional to capital and operational costs (El-Halwagi et al., 2013). Such domain
restrictions on the biorefineries often lead to suboptimal solutions where the processing of
biomass at costlier facilities is selected to fulfill the user demand. In the case of distributed
biorefineries, the domain of the processing capacity restricts the maximum utilization of
economies of scale (Santibafiez-Aguilar et al., 2014). In such scenarios, the superstructure
selects processing units with lesser capacity, which are costlier.

This study proposes a multi-unit model for the distributed biorefinery superstructure to address
the research gap in capacity planning and its effect on the economy. This chapter has adopted
the single unit superstructure from the literature (El-Halwagi et al., 2013) and improved the
model to accommodate decisions related to multiple technological choices for different
biomass. The single-unit model is extended to a multi-unit model by allowing the installation
of multiple processing units of the selected technology. The use of multi-unit strategies in
process industries (Chauhan & Kotecha, 2018; Maharana et al., 2022b) is observed to be
beneficial; however, these studies lack an analysis approach involving the investment and
operational cost of the plant. This study incorporates investment and operational costs for a
biorefinery and demonstrates the benefits of the multi-unit model on a distributed biorefinery

superstructure.
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Nomenclature

Nomenclature

Sets

Indices
d
h

um
us

Parameters

Ah,i
BFTCost
BM

Cost

BMP,

Cost

BMTCost
HY

MPU
ICust

SPU
]Cust

IC[?\/t[ain _Fix

lain _Var
ic’
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Set representing the harvesting sites

Set representing the processing technologies available for all processing units
Set representing the secondary processing unit

Set representing the users at secondary location j

Set representing the type of biomass

Set of process units available at MPU

Set of process units available at SPUs

Index of users corresponding to jth secondary location,d € D,

Index of harvesting sites he H

Index of biomass source i€/

Index of secondary location jeJ

Index of processing technologiesteT
Index of process units in MPU umeUM

Index of process units in SPUs useUS

Conversion factor for biomass i using technology ¢
Total availability of biomass i at the harvesting site /4
Biofuel transportation cost

Biomass purchase cost

Biomass processing cost

Biomass transportation cost

Total operational life of the biorefinery superstructure
Investment cost at MPU

Investment cost at SPU

Fixed cost component of investment cost to process biomass i using
technology ¢ at MPU

Variable cost component of investment cost to process biomass 7 using
technology ¢ at MPU
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Nomenclature

Iclsteg Fix
IQS507 Var

MP L%am — Proc
MP U%am — Proc
MP L;S‘e;c — Proc
MP U[S[ec — Proc
P Ci\/[[ain

PCse
PTC}"

P TLII\\/[;;n — Sec

PTLMain — Sec

Max
R Cj]\/[ain
R CriSec
RTC; ™
RIC,
R TL:'(IJVV — Main
R TL]}'[—Icltr; — Sec
RTU}iI[{lrv%Muin
R TU}][’-Ilaijv%Sec
TLC
VA

j.d

Fixed cost component of investment cost to process biomass i using
technology ¢ at SPU

Variable cost component of investment cost to process biomass ¢ using
technology ¢ at SPU

Lower capacity limit for processing biomass i using technology ¢ at MPU
Upper capacity limit for processing biomass i using technology ¢ at MPU
Lower capacity limit for processing biomass i using technology ¢ at SPU
Upper capacity limit for processing biomass i using technology ¢ at SPU
Unit operational cost for biomass i using technology ¢ at the MPU

Unit operational cost for biomass 7 using technology ¢ at the SPU

Unit transportation cost of biofuel from MPU to SPU j

Minimum flow domain of biofuel transported from MPU to SPUs
Maximum flow domain of biofuel transported from MPU to SPUs

Unit purchase cost of biomass i at the MPU

Unit purchase cost of biomass i at SPUs

Unit transportation cost of biomass i from harvesting site # to MPU

Unit transportation cost of biomass i from harvesting site 4 to SPU j
Lower transportation limit of biomass i from harvesting site # to MPU
Lower transportation limit of biomass 7 from harvesting site 4 to SPU j
Upper transportation limit of biomass i from harvesting site 4 to MPU
Upper transportation limit of biomass i from harvesting site 4 to SPU j
Total lifecycle cost

Demand of the user d located at SPU

Decision variables

Harv—Main
F, h,i

Harv— Sec
Fhvi.j

FMain — Proc
it
Main— Proc
um,i,t

FSec%Proc
i,j,t
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Flow rate of biomass 7 from the harvesting site 4 to the MPU
Flow rate of biomass i from the harvesting site / to the SPU j

Flow rate of biomass 7 sent for processing at MPU using technology ¢

Flow rate of biomass i sent for processing at MPU using technology ¢ at
process unit um

Flow rate of biomass i sent for processing at SPU j using technology ¢
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Nomenclature

Flow rate of biomass i sent for processing at SPU j using technology 7 at

Sec— Proc
us,i,t,j

process unit us

Binary variable whose value is 1, if the biomass i transported from

y Harv—>Main
i harvesting site # to MPU

 Harv>See Binary variable whose value is 1, if the biomass i transported from
hij harvesting site / to SPU j

 Main>Proc Binary variable whose value is 1, if the biomass i is processed in MPU using
b a process unit with technology ¢
Main—s Proc Binary variable whose value is 1, if the biomass i is processed in MPU using
um it the process unit um with technology ¢

g Main->Tec Binary variable whose value is one if the biomass i is processed using
b technology ¢ in MPU

ySec>Proc Binary variable whose value is 1, if the biomass i is processed in SPU j using
b1t a process unit with technology ¢
Secs Proc Binary variable whose value is 1, if the biomass i is processed in SPU j using
Lt the process unit us with technology ¢

i Main > ec Binary variable whose value is 1 if biofuel is transported from the MPU to

/ SPU j
U f;”" Biofuel provided by MPU to satisty demand d of user located at SPU ;
U /Se; Biofuel provided by SPU ; to satisty the demand d of user
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4.2. Proposed mathematical formulation of the multi-unit model

The problem statement for the biorefinery supply-chain network is adapted from Chapter 2
with linear approximations for the investment cost calculations for the MPU and SPUs (EI-
Halwagi et al., 2013). The model constitutes a set of H harvesting sites that supply / types of
biomass to the processing units using various means of transport. The processing units
comprise one MPU and a set of J SPUs distributed across various locations. Each SPU has D;
nearby users whose demands have to be satisfied using the biofuel from MPU and the j SPU.
A set of T processing technologies is available for all processing units to convert the raw
materials into the final product. UM and US units are available for each processing technology
in the MPU and SPUs, respectively. The details of balances and applicable constraints are
provided as follows. The system structure of the multi-unit biorefinery model can inferred from

Fig 3.1 given in Chapter 3.
4.2.1. Balances at the harvesting locations

The availability of biomass at harvesting sites depends on various factors such as geographical
location, seasonality, farm size, etc. The resource limitation at the harvesting sites restricts the

total biomass supplied to the processing hubs. Hence, the supply of biomass (i) from the

harvesting site (k) to the MPU (F," """ ) and the /* SPU (F, ") should not exceed the

total availability ( 4, ;) as in Equation (4.1) (El-Halwagi et al., 2013).

F;[]Zarv%Mam ZFHarv%Sec i VhEH,iEI (41)

hi,j
jeJ

The upper and lower flow limits on the flow rate restrict the transportation of biomass from the

harvesting sites to the processing hubs within a finite domain. The domain constraints on the
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flow rate for the MPU and SPUs are given in Equation (4.2) and Equation (4.3) , respectively

(El-Halwagi et al., 2013). Here, the terms RTL)*" """ and RTU,"" """ represent the lower

and upper transportation limits of biomass (i) from the harvesting sites (4). Similarly, the terms

RTLﬁif;_)SQC and RTU ,ﬁf”;v_’sec indicate the lower and upper limits of biomass flow from

harvesting sites to the SPUs.

YhHiarv eMainRTLfairv —>Main SF}IH?FV —Main S }/hHiarv _)anRTU:?W —>Ma[n) \v/ iEI, hEH (42)

YHarv%SecRTLi(:),’;%Sec SFZ&JJ}"\/%S@ SyHarv%SecRTUHarv%Sec, VhEH,iGI,jGJ (43)

hi,j h,i,j hi,j

YHarv —>Main
h,i

Here is the binary variable whose value is one if the biomass i is transported from

harvesting site 4 to MPU; otherwise, it takes a value of zero. Similarly, the binary variable

YHarv — Sec

e takes a value of one when the biomass i is transported from the harvesting site 4 to

the secondary processing unit ;.
4.2.2. Balances at the main processing unit

The total biomass received at the MPU from different harvesting sites is sent for processing

and is given in Equation (4.4).

DR troe N st el (4.4)

tel; heH

The biomass (7) is converted into biofuel using one of the suitable technologies (¢), as shown

in Equation (4.5). The term «,, represents the conversion factor for i" biomass using /"

technology. The available biomass is processed by using any one of the available technologies.

The corresponding unique process constraint is represented using the Equation (4.6) .
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ZZE'[\t/Ialn—)Procai’t :Z Z Uj\j[;in (45)

iel teT; jeJ deD;

Do yfnsrregy, Viel (4.6)

teT;

The variable U.;" indicates the biofuel provided by MPU to satisfy the demand d of a user

located at SPU j. The value of the binary variable becomes one if the biomass i is processed in

MPU uses a process unit of technology. Each selected technology at the MPU has a capacity
restriction, where biomass processing can only be performed between the lower and upper

processing capacities, as in Equation (4.7) (El-Halwagi et al., 2013).
Yi,l\tlain%ProcMPL]i\‘/[tain%Proc SF;,]\I/[ain%Prac SK’A[lain%ProcMPU:,\fain%Proc’ VZ‘ET;,Z‘EI (47)

The Equations (4.4) — (4.6) represent the constraints at the MPU for the single-unit model
where only one process unit of the selected technologies is implemented. The multi-unit model
allows for the implementation of additional process units to increase the economical processing
of biomass, which is given in Equations (4.8) — (4.10). Here, each selected technology can use

multiple process units from the available UM units, where the upper and lower processing

FMain — Proc
um, i,t

capacity limits the processing at each um unit. The variable represents the flow rate

of biomass i sent for processing at MPU using technology # at process unit um. ¥ """ is the

um,i,t
binary decision variable that takes a value of one when the biomass i is processed in MPU

using the process unit um with technology ¢.

Main— Proc __ Harv—Main .

2 2 ETT = EET viel (4.8)
ume UM teT; heH

Main—Proc _ Main

2 22 ELT =, D U (49)
umeUM iel teT; jeJ deD;
KJZO?I:_)PMCMPLKQM_)PVOC SEJAV;ILT:—)PVOC SYuAm/Iail/;—)PmcMPUiAfam—)Pmc,Vle]-;,l-el) umEUM (4 10)
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In the multi-unit model, the unique process constraint for the MPU is realized using Equations

(4.11) — (4.13). In Equations (4.11) and (4.12), the variable Y¥">™* assumes a value of 1 if

any of the process units corresponding to the M technology and i biomass is selected. The

YMam — Proc t
um,i,t

variable ¥Y"”"“uses Equation (4.13) to restrict the process selection variable 0

satisfy the unique process constraint.

yanoree Sy an=te yumeUM iel teT, (4.11)
YMain—)Tec< Z YMa}'n—)Proc Viel teT (4 12)
it — um,i,t 4 ’ L )
umeUM
D ylanote<), viel (4.13)

teT;

4.2.3. Balances at the secondary processing units

Similar to the MPU, the total biomass received at the SPUs is sent for processing using the

F Sec—Proc

available technologies and is given in Equation (4.14) where the term £ represents the

flow rate of biomass i sent for processing at SPU j using technology ¢.

3 et N pHnose e, jed (4.14)

tel; heH

SPUs use an appropriate technology to process the biomass, and the corresponding quantity of

biofuel produced is determined using a technology-dependent conversion factor «,,. The

biomass (i) is converted into biofuel using one of the suitable technologies (¢) in the secondary
processing unit (), as shown in Equation (4.15). SPUs are also restricted by the unique process

constraint where each biomass can be processed using only one of the available technologies

YSec—)Pr oc

as given in Equation (4.16) where the binary variable Y, takes a value of one, if the

biomass i is processed in SPU j using a process unit with technology ¢ .
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DY ENg, = UK, Vjed (4.15)
iel teT; . ’ deD; ‘
D ykeotregy, viel, jed (4.16)

teT;

The processing of biomass at the SPUs is limited by the capacity domain of the selected
technology, which permits the process units to be operational between lower and upper

capacity. The processing capacity constraint applicable to all SPUs is given in the Equation

(4.17), where MPU le 2o and MPL;.Q”?C_’P”’C represent the upper and lower capacity limit of the

M technology of i" biomass at j SPU (El-Halwagi et al., 2013).
Yiiec%ProcMPLie[c%Proc SE:SJ"e’ct'HPruc SYiiec%ProcMPU;’S'fc%Proc’ VtET;,l'E[,jEJ (417)

In the multi-unit model, SPUs implement multiple process units of the selected technologies.
The constraints given in the Equations (4.14) — (4.17) represent the associated constraints in
the single-unit model. The use of us process units in the SPUs changes the balance equations

for biomass processing, which are represented in Equations (4.18) and (4.19). The term

FSec%Proc
us,i,tj

represents the flow rate of biomass i sent for processing at SPU j using technology ¢

at process unit us.

S Elose - 3 S pseste el e (4.18)
heH use US teT;
DD EEg, =Y US, Vel (4.19)
use US iel tel; deD/

In the multi-unit model, the domain constraints on the capacity corresponding to each installed

YSec'%Pruc
us,i,t

process unit of the technology are given in Equation (4.20). The binary variable
whose value is 1, if the biomass i is processed in SPU ;j using the process unit us with
technology .
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YSec%ProcMPLietc%Pruc SFSecHPrac < YSec%ProcMPUf';zc%Proc | VUS EUS, iEI, te Tlv (420)

us,i,t us,i,j,t us,it
The unique process constraints for the SPUs in the multi-unit model are realized using

Equations (4.21) — (4.23). Here, the variable Y**”* takes a value of 1, if the process unit us,

us,i,j,t

corresponding to i biomass at the j SPU installs the /" technology. The binary variable

YSec—> Tec

s whose value is one if the biomass i is processed in SPU j using technology ¢.

Yooyt yyseUs,iel, jed, teT, 4.21
us,i,j,t i,j,t .] i
ylente g Nyt Viel, jed tel, (4.22)
useUS
D ykeoteg), vied,iel (4.23)

tel;

The demand of the users (Z, ;) is satisfied by using the biofuel produced by the MPU (U fji”)

and the corresponding SPU (U;fj ). Each SPU can provide biofuel to the nearby users, whereas

all the users can receive the biofuel from the MPU. The demand constraints of the

superstructure are required to satisfy the demand of each user and is represented in

Equation (4.24).
Ul"+UY2Z,, vdeD, jeJ (4.24)

Users are assumed to be near the SPUs and thus do not have any domain constraint on their

flow rate. However, the biofuel transported from the MPU to each SPU is restricted by the flow

domain, represented by a minimum ( PTL;" %) and maximum ( PTL}"">*) biofuel flow

rate, which is given in the Equation (4.25). The variable I’IV'J.A“”"’_’SQC is a binary variable and

assumes a value of 1 if the biofuel is transported from the MPU to the j SPU.
YF/Ma[n—)SecPTLAA//[[?’in—)SeC < Z Uj\‘ljin SYF]Main—)SecPTLAA//I[Z'(n—)SeC} VJEJ (425)
deD;
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4.2.4. Objective: Minimize total cost

The objective of the model is to identify an optimal solution with minimum total cost while
satisfying the user demands. The objective function constitutes various cost components related
to the harvesting sites, processing units, and user locations. The purchase cost of biomass is

determined by multiplying its per unit cost (RC"" and RC>* ) with the amount procured

from the harvesting site, which is given in the Equation (4.26) (El-Halwagi et al., 2013).

BMCOSI — Z z th]jarv —)MainRCiMain + Z Z Z F;[ijl;’V—)SecRC;Sec (426)

heH iel heH iel jeJ

The various costs associated with the MPU and SPUs constitute the periodic operational cost
and a one-time investment cost. The processing cost of biomass is directly proportional to the

quantity of biomass processed using multiple process units of the technologies at the MPU and

SPUs, as in the Equation (4.27). The terms PC%”” and PCff" represent the unit operational

cost for i biomass using 7" technology at the MPU and SPU, respectively.

BMP,, = Y D Y Fa T PCH "+ 3 N NS e 2 PCY (4.27)

ume UM iel teT, use US iel jeJ tel;

The investment cost at MPU (72°Y) and SPUs (7>'Y) is determined based on the installed

Cost Cost

capacity of the process unit and is given in the Equation (4.28) and Equation (4.29),

respectively. Here, the investment cost consists of a fixed cost component (ICff"*F " and
ICY™ ") and a capacity-based variable component (IC.;*"" and IC*"-""). In the Equation

428) and Equation (4.29), the binary variables Y>“7"° and YY"~ ensure the
q Y

us,i,j,t um,i,t
consideration of the investment cost for the implemented process units in the MPU and SPUs,

respectively. In the absence of a process unit (us or um), the corresponding variable
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representing its implementation takes a value of zero, and thus the investment cost of that

process unit is not considered.

Cost um,i,t um,i,t
umeUM iel tel;

IMPU — z Z Z(YMH[H_)P,AOC[CI»}?/IMM’F[X +FMaln—>Proc1Ci]‘\;laln7Var ) (428)

I = 3 22 DX G G ) (4.29)

useUS iel jeJtel,

The cost corresponding to the transportation of biomass and biofuel is given in Equation (4.30)
and Equation (4.31) (El-Halwagi et al., 2013). The biomass transportation cost is directly

proportional to the quantity of biomass transported to the MPU and SPU, where the unit

transportation cost ( RT Cth‘ ; and RT C,%“i") depends on the type of biomass and the distance

between the harvesting site and the processing unit.

BMT,, = };{ Z, oo Main g Mo +}§ Z] zj FovoSeRTC, S, (4.30)
€ le € el je
BFT,, =Y > Ul PTCY™ (4.31)
jeJ deD;

The biofuel transportation cost is determined only for the biofuel supplied from the MPU to

the users available at the SPUs. It is determined using the quantity of biofuel transported and

per unit transportation cost ( PTC j”““’) between the MPU and the SPUs. The users are located

near the SPUs and can directly access the biofuel from the SPUs. Hence, there is no fuel
transportation cost for the SPUs. The total cost constitutes the biomass procurement cost,
investment and operational cost of the process units, and the transportation cost of the biomass
and the biofuel to the required hubs. The objective function is given in Equation (4.32). The
parameter HY represents the total operational life of the superstructure, which is multiplied by

the periodic operational costs, whereas the cost related to the installation of the required process
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units of the technology in both MPU and SPUs constitute the investment cost that is considered

only once.
TLC:HY(BMCU” +BMP,, ,+BMT,, +BFT,, )+Iéff,” +I2Y (4.32)

4.3. Case study

The proposed multi-unit model is demonstrated in a case study of biofuel production in Mexico,
adapted from the literature (Maharana et al., 2022a; Ponce-Ortega & Santibafiez-Aguilar,
2019). The case study is similar to the case study discussed in Chapter 2 and Chapter 3 with
linear approximations for the investment cost calculation. The details related to various
parameters, such as conversion factors, biomass procurement cost, transportation cost,
processing cost, investment cost, and product demand, are provided in Appendix C. The model
was implemented using IBM ILOG CPLEX optimization studio software and solved using the
CPLEX solver. The single-unit model has 701 constraints, 137 binary variables, and 143
continuous variables, whereas the multi-unit model has 1061 constraints, 272 binary variables,

and 233 continuous variables, considering the availability of three process units per technology.

4.4. Results and discussion

This section analyzes the results obtained on optimizing the single and multi-unit models. The
discussion focuses on the benefits of the proposed multi-unit model over the single-unit model

using a rigorous solution analysis approach.

4.4.1. Optimal solution analysis
The detailed production planning for the single and multi-unit models highlighting the
procurement and processing schemes are given in Table 4.1. In the single-unit model, MPU

and SPU 1 have used the maximum possible processing of the grain sorghum using one process
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unit each. In the multi-unit model, the processing of grain sorghum at the MPU and SPU 1 has
increased by implementing two process units of the technology. The availability of cheaper
biofuel at the SPU 1 using grain sorghum led to less of a requirement for woodchips, which are
transferred to the MPU. It has to be noted that the availability of wood chips at the harvesting

site HS is limited, and it was selected to be processed only at SPU 1 in the single-unit model.

In the multi-unit model, a reduction in the processing of biomass in SPU 2 is observed as the
demand is majorly satisfied by the MPU, considering the economies of scale. In the multi-unit
model, the total processing of woodchips and grain sorghum in MPU increased, helping to
satisfy user demands without using grain corn, which was considered a raw material in the
single-unit model. The superstructures representing the optimal solution determined using the
single and multi-unit models are shown in Fig. 4.1. In both the models, MPU and SPU 1 have
used four harvesting locations to procure biomass, whereas, in SPU 2, the biomass has been
procured only from two harvesting locations. The restriction in the capacity of process units of
the technologies in the single-unit model led to the procurement of biomass from three

harvesting locations.

Also, the capacity restriction requires the MPU to process a costlier production route using
corn to satisfy the user demand. In the multi-unit model, the MPU used multiple units to process
large volumes of biomass. On considering the biofuel production from grain sorghum, MPU
has procured additional biomass from H3 apart from the harvesting sites selected in the single
unit model and employed two process units. The use of multiple process units is also observed
to change the optimal processing routes for producing biofuel using wood chips. In the single-
unit model, SPU 1 procured woodchips from H3, H4, and HS5, whereas the multi-unit model
selected only the harvesting site H3 for the procurement. The multi-unit model also changes

the optimal distribution profile of the single-unit model.
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Table 4.1 Biomass procurement and processing schemes for the single unit and multi-unit model (tonne/month)

Single unit model Multi-unit model
H3 H4 H5 He CrOOSSUNtl qopnology | H3 0 H4  HS  He  Lrocessunitl Processunit2 g 00y
capacity capacity capacity
Gasification Gasification
WQOd 1400 1400 - 779 3579 and 1400 1400 779 779 4358 and
chips Biosynthesis Biosynthesis
Pretreatment,
Grain - 257 - 1400 1657 acid hydrolysis - - - - - - i
MPU corn and
fermentation
Pretreatment, Pretreatment,
Grain - 1400 751 1400 3551 acid hydrolysis | 1322 1400 1400 1400 3551 1971 acid hydrolysis
sorghum and and
fermentation fermentation
Wood 1400 377 719 L 2556 Gasification 1400 i ) ) 1400 ) Gasification
chips and and
P Biosynthesis Biosynthesis
SPU 1 Pretreatment, Pretreatment,
Grain 1301 - 1400 140 2841 acid hydrolysis | 1400 - 1400 1052 2841 1012 acid hydrolysis
sorghum and and
fermentation fermentation
Wood - 1400 - - 1400 GaSIﬁC(?tlon . 1400 d ) 1400 i Ga51ﬁc§mon
chips . 21C ~and
Biosynthesis Biosynthesis
SPU 2 Pretreatment, Pretreatment,
Grain - 1400 1400 - 2800 acid hydrolysis | 1490 48696 - 1886.96 - acid hydrolysis
sorghum and and
fermentation fermentation
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Fig. 4.1 Optimal solution of (a) single unit model and (b) proposed multi-unit model
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In the single-unit model, the limited production at the MPU was mainly used to satisfy the
demand of users at SPU 2. However, in the multi-unit model, the MPU provided biofuel to all
the users at SPU 1 and SPU 2. In the multi-unit model, SPU 1 provided biofuel to user 1, and

SPU2 to user 2 instead of user 1, as in the case of the single-unit model.

4.4.2. Impact of the multi-unit model on the operation of processing hubs

The multi-unit model provided benefits in making economic operational decisions at various
processing hubs. Fig. 4.2 shows the contribution of processing hubs to the supply chain in terms
of processing capacity, investment cost, and operational cost for single and multi-unit models.
The single-unit model uses the MPU to process maximum biomass and gain economies of
scale. Thus, the investment and operational costs of the MPU are higher compared to the SPUs.
The restriction of allowing single process units led to similar investment costs at both SPUs.
However, the quantity of biomass processed and the corresponding operational cost at SPU 1

is higher, inferring the processing at the SPU 2 is costlier to satisfy the demand.

The multi-unit model helped to increase the processing at the MPUs and enabled the maximum
utilization of economies of scale, as the processing of biomass at the MPU is cheaper due to
their capability to process high volumes of biomass. The solution obtained using the multi-unit
model reduced the investment cost from 27% to 25% and the operational cost from 24% to
19% of SPU 2 towards the complete supply chain. These benefits validated the effectiveness
of the multi-unit model in providing better decisions in selecting and processing biomass with
appropriate technology units. Although MPU processed a higher biomass quantity, the
investment cost contribution has been reduced. The solution obtained using the multi-unit
model reduced the investment cost from 27% to 25% and the operational cost from 24% to

19% of SPU 2 towards the complete supply chain.
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Investment cost

Operational cost

Single-unit 24% —
46% 47%
29% 27%
Multi-unit
25%
41%

34%
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23%
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18%

54%

29%

Fig. 4.2 Distribution of costs and biomass processing for the single and multi-unit models
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These benefits validated the effectiveness of the multi-unit model in providing better decisions
in selecting and processing biomass with appropriate technology units. Although MPU
processed a higher biomass quantity, the investment cost contribution has been reduced. Such
a scenario requires further investigation in the decisions of process unit selection and is given

in the next section.

The single-unit model allows only single process units of the selected technology at the MPU
and SPUs. The processing of biomass at the hubs and the product delivery from each hub to
the users are shown in Fig. 4.3. Each processing hub used full-capacity units for sorghum grain.
The MPU processes wood chips, corn, and sorghum grain, whereas each SPU processes
sorghum grain and wood chips to produce ethanol. The demand at the SPUs is satisfied by the
ethanol produced from MPU and the corresponding SPU. Among the users, the demand of the
second user is satisfied using only the nearby SPU, whereas, for the fourth user, the total

demand is satisfied with the ethanol delivered from the MPU.

(a) . (b

= T T T
IR [r3 RS I 4 Min capacity 1400 F il
[ R z IR 4 [ IMax capacity I vPU [ SPU1 SPU2

1200

1000

103-

2]
[=]
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-]

10°F

Product delivered (tonne/month)
B
(=4
(=)

Biomass processed (tonne/month)
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_ . m. .
MPU SPU1 SPU2 User 1 User 2 User 3 User 4
Processing units Users
R 1: wood chips, R 2: sugar cane, R 3: corn, R 4: sorghum grain, R 5: sweet sorghum

10°

Fig. 4.3 Optimal decisions of single-unit model corresponding to the processing hubs for
(a) biomass processed and (b) product delivery to each user
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The biomass processed at each processing hub based on the optimal solution of the multi-unit
model is provided in Fig. 4.4. The capacity restriction for the single-unit model led to the
implementation of a single full-capacity process unit at the MPU and SPUs for sorghum grain
(Fig. 4.3). However, as per the optimal solution of the multi-unit model, two process units are

installed for the sorghum grain at the MPU and SPUI1.

(b)

(a) 1600

T T T T
ER1 T IR3 IR 4 -U2 [] Max capacity [ vPu EISPU1 sPU2
IR BlR4-U1 T00RS [T 7 Min capacity

1400

-
[
[=]
=]
T
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Product delivered (tonne/month)

400

Biomass processed (tonne/month)

200

0
MPU SPU1 SPU2 User 1 User 2 User 3 User 4
Processing units Users
R 1: wood chips, R 2: sugar cane, R 3: corn, R 4: sorghum grain, R 5. sweet sorghum

Fig. 4.4 Multi-unit optimization results corresponding to the processing hubs for (a) biomass

processed and (b) product delivery to each user

The optimal decision for the multi-unit model is to select wood chips and sorghum grain as the
only two types of biomass in the entire supply chain. Subsequently, it avoids corn, which has
been selected in the single-unit model. In the single-unit model, full-capacity process units for
sorghum grain are used at all the processing hubs. Hence, the solution obtained in the single-
unit model can be inferred as a suboptimal operational decision due to capacity restrictions.
The use of multiple process units at the MPU and SPU 1 for sorghum could reduce the

processing at the SPU 2, which in turn is a costlier option to satisfy the demand. It should be
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noted that the lower operational limit of the process unit restricts the use of arbitrary capacity
allocation schemes. The high investment cost for installing an additional process unit of the
technology necessitates an analysis of the total cost of a plant before implementing them as per

the multi-unit model.

4.4.3. Economic benefits of the multi-unit model

The multi-unit model uses multiple economic process units to satisfy the user demands and
thus reduces the total cost of the bio-refinery supply chain. A detailed cost analysis of the single
unit and the multi-unit model is given in Table 4.2. The investment cost of the MPU in the
multi-unit model is lesser than in the single-unit model, even after implementing multiple
process units. In contrast, implementing additional process units of the technologies increased
biomass procurement, processing, and transportation costs. The investment cost for SPU 1 has
increased along with the total biomass cost, whereas the total processing cost and transportation
cost have been reduced. This implies that multiple economic process units installed at the SPU

1 use cheaper biomass to satisfy user demand.

Table 4.2 Cost analysis of the single-unit and multi-unit models

Single unit model Multi-unit model

Categories

MPU SPU1 SPU2 MPU SPU1 SPU2
Investment cost ($ 10 million) 2.75 1.57 1.57 257 214 1.57
Processing cost ($ 10 million) 13.10 10.00 7.18 14.40 8.62 5.94
Biomass transportation cost (§ 10 million) 3.25  2.51 299 452 222 2.24
Biomass cost ($ 10 million) 30.00 16.70 14.20 3130 18.40 10.50
Total cost ($ 100 million) 10.60 10.40

The investment cost for SPU 2 in the multi-unit model is similar to the single-unit model;
however, the biomass cost, processing cost, and transportation cost are less compared to the

single-unit model. In this multi-unit model, SPU 2 utilized cheaper biofuel from external
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sources (MPU) and reduced the in-house production, which is otherwise costlier in satisfying
the demand. Implementing cheaper process units reduced the total cost for the multi-unit model

by 1.31 %.

4.5. Conclusion

This chapter primarily explored the benefits of capacity planning in a distributed biorefinery,
which lacked much attention from the research community. In this direction, a multi-unit model
for the biorefinery superstructure that allows the implementation of multiple economic process
units of the selected technology while satisfying the individual capacity domains is proposed.
This chapter first considered a single-unit model of a distributed biorefinery superstructure
available in the literature and improved it to accommodate the decisions for multiple
technologies. The improved single-unit model is extended to a multi-unit model that can
implement multiple process units of selected technologies. The efficacy of the proposed model
is demonstrated in a distributed biorefinery case study. The objective is to obtain an optimal
production plan by minimizing the total cost while satisfying the demands of all users and other
resource constraints. The optimal solution of the multi-unit model has a reduced total cost of
1.31% compared to the single-unit model. As per the optimal solution obtained in the multi-
unit model, more than one process unit of the selected technology is installed to process the
most beneficial biomass compared to the single-unit model. The multi-unit model also helped
identify the beneficial biomass over the total plant operational time. Among all five types of
biomass, the demand satisfaction using Grain sorghum is the most economical, followed by
woodchips. The use of corn to produce biofuel is observed in the single-unit case; however,
better planning using the multi-unit model helped avoid the use of corn and reduced the total

cost.

111
TH-3505_156107002



Chapter 5

Multi-objective MILP model using the multi-unit strategy for periodic

distributed biorefineries with economic and social benefits

This chapter proposes a multi-unit, multi-period supply chain model to overcome the restriction
in plant capacity by establishing multiple units of a profitable process. The proposed model
considers the periodic assessment of a biorefinery supply chain and evaluates the performance
of the multi-unit strategy using economic and social objectives. The economic objective
evaluates the profit of the supply chain, whereas the social objective is based on the number of
jobs generated. The multi-objective optimization study of the proposed model has been
demonstrated in a case study from the literature that requires the design of a supply chain for
bioenergy.

The literature review for the study is discussed in Section 5.1, revealing different bioenergy
models and their challenges. The problem description is given in Section 5.2, followed by the
multi-unit model in Section 5.3. The case study and solution settings are provided in Section
5.4. The results for single and multi-objective cases are discussed in Section 5.5. The chapter

concludes in Section 5.6 by summarising the benefits of the proposed model.

5.1. Background

The various technologies used to process biomass into biofuel are among the crucial steps that
significantly contribute to deciding the optimal superstructure design and operations. The
transformation of biomass to biofuel requires complex processes in the bio-refineries using
multiple stages (Mutenure et al. 2018). The model presented by Potr¢ et al. (2020) provides a
broad idea regarding the use of technologies in biomass pre-processing and converting into

multiple products. Apart from the chosen technology, the quantity of biofuel production
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depends on the installed capacity of the technology at the processing plant, and it directly
impacts the revenue of the model (Ge et al. 2021). The model by Li and Ge (2017) showed the
relationship between process characteristics and economic performance. The selection of
technology solely based on biomass species restricts the processing of other types of biomass.
Lim and Lam (2016) have suggested the element classification of the biomasses, thereby
integrating the underutilized biomass into the existing system, which improved the supply

chain model.

Design limitations in capacity modeling often restrict the processing capacities of real-life
refineries. The use of domain constraints on the capacity level limits reaching the true
optimality but is vital in avoiding unrealistic plant capacities. The restriction on processing
capacities might compel the distributed biorefineries to process the biomass at less profitable
plant locations. There have been models incorporating multiple distributed processing facilities
with varying capacities (Santibafiez-Aguilar et al. 2014). In such cases, the capacity constraint
restricts the economics of scale for higher-capacity plants. The majority of the biorefinery
superstructures are designed for periodic assessment, including storage systems. The selection
of a single unit of a higher capacity facility might become redundant in a period of low biomass
availability and market demand. Similarly, the limitation on the production capacity
corresponding to a selected technology restricts the maximum production from the most
profitable process. In order to satisfy the demand, the production plan chooses other less
profitable processes, resulting in a sub-optimal solution. The proposed strategy aims to address
the research gap in the literature for the capacity planning of biorefineries, where the units
related to the processing technologies are capacity-constrained, limiting the bioenergy
superstructures in achieving greater benefits in the design stage. In this chapter, a multi-unit

strategy is proposed to overcome the limitations by implementing multiple units of profitable
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processes, subject to various resource and operational constraints, at the biorefineries. The
strategy is incorporated into a biorefinery superstructure model available in the literature
(Santibanez-Aguilar et al. 2014). The new model provides flexibility in installing multiple
process units for each technology at the processing centers. The competency of the model is
compared with the literature case study (Santibafiez-Aguilar et al. 2014). This chapter also
justifies the concept with rigorous analysis of the decision structure using two objectives:
maximization of total annual profit and maximization of social impact in terms of the number
of jobs generated. The proposed mathematical model is generic and can be used for various
geographies, and it has been successfully demonstrated in a case study to maximize economic

and social objectives.
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5.2. Problem statement

The problem explores the long-term planning of a supply chain involving distributed
biorefineries that aim to determine the strategic and operational level decisions. The model
constitutes a group of harvesting locations capable of providing various types of biomass, a list
of geographical areas available for installing the processing plants, and a set of markets to sell
the products (Santibaniez-Aguilar et al. 2014). Strategic planning of the supply chain requires
the identification of beneficial locations corresponding to the harvesting sites, installing
biomass processing plants, and selecting markets for demand satisfaction among the available
choices. The operational level decisions determine the periodic biomass to be harvested, flow
rates to be maintained, and inventory requirements at various supply chain hubs. The generic

problem model is defined below.

A set of R raw materials can be obtained from H harvesting locations supplied to the processing
units using various transportation methods. The processing units are classified as the main
processing unit (C) and secondary processing units (SP) with different processing capacities.
The main processing unit can process a higher amount of raw materials than the secondary
processing units. A set of / processing technologies is available for all processing units to
convert the raw materials into P products. The model uses storage facilities (S) at various
production and distribution hubs to store unprocessed raw materials and unsold products. The
superstructure is analyzed for 7 time periods over which P products can be sold in MK markets
(Fig. 5.1). The time period for the model is not restricted to a particular range. The selection of
a shorter or longer time period does not require any conceptual change to the proposed model.
Apart from resource availability and product demand, the production capacity of the processing

plant is also a crucial factor that restricts the processing amount of a process.
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Fig. 5.1 Superstructure of the biofuel supply chain

This restriction can be overcome by accommodating multiple process units of the selected
technology within the economic barrier. The maximum production is enhanced by
incorporating the ability to include products from multiple units of each selected technology,
which aids in the maximum production of the most profitable product and leads to higher profit.
The single-unit bio-refinery model is extended to a multi-unit model by integrating multiple
process units of the technologies in the plants. The model incorporates a maximum of UC and
USP number of units available for each processing technology in the main and secondary
processing units. The proposed formulation enables the selection of multiple secondary
processing units as well as the establishment of multiple units of the same technology at a

selected secondary processing unit.
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Nomenclature

Nomenclature

Sets

‘RJN Q

v

Main processing unit
Technologies suitable for processing raw material R

Products produced from raw material R
Raw material

Harvesting site

Time period

Secondary processing plant

Process units for main processing unit

Process units for secondary processing units

Continuous variables

r,sp.t

H—SP
rhsp,t

H->C
r,h,t

SP—C
r,sp,t

H— SP
r, h,sp,t

H->C
r.ht

SP—C
r,sp,t

TH-3505_156107002

Biomass (r) produced at harvesting location (%) at the end of the time period
(?) (tonne/month)

Biomass (r) available at harvesting location (/) at the end of the time period
(?) (tonne/month)

Biomass (r) available at the main processing unit at the end of the time
period (#) (tonne/month)

Biomass (r) available at the secondary processing unit (sp) at the end of the
time period (7) (tonne/month)

Biomass (7) transported to secondary processing unit (sp) from harvesting
location (/) at the end of the time period (¢) (tonne/month)

Biomass () transported to main processing unit from harvesting location (/)
at the end of the time period (7) (tonne/month)

Biomass () transported to main processing unit from secondary processing
unit (sp) at the end of the time period (¢) (tonne/month)

Biomass (7) received at secondary processing unit (sp) from harvesting
location (%) at the end of the time period (¢) (tonne/month)

Biomass (7) received at the main processing unit from harvesting location
(h) at the end of the time period (¢) (tonne/month)

Biomass (7) received at the main processing unit from the secondary
processing unit (sp) at the end of the time period (¢) (tonne/month)
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Nomenclature

C
rpuc,r,p,i,t

SP
rpusp,r,p,i,xp,l

C
pduc,r,p,i,t

SP
p usp,r,p,i,sp,t

C
pp,t

SP
pP»SP”

C—->MK

pp,mk,l

C—>MK
pap,mk,l

SP—C

pp,sp,l

SP—>C
pap,sp,t

SP—>MK
p.sp,mk,t

SP—>MK
p.sp,mk,t

MK
pp,mk,t

Sold
p.mk,t

a,b,t,.q

a,b,0

TH-3505_156107002

Biomass (7) processed at processing unit (uzc) of the main processing unit
using technology (7) for the product (p) at the end of the time period (7)
(tonne/month)

Biomass (7) processed at processing unit (usp) of the secondary processing
unit (sp) using technology (7) for the product (p) at the end of the time period
(#) (tonne/month)

Product (p) produced at processing unit (uc) of the main processing unit
using technology (i) from biomass (7) at the end of the time period (¢)
(tonne/month)

Product (p) produced at processing unit (usp) of the secondary processing
unit (sp) using technology (7) from biomass () at the end of the time period
(7) (tonne/month)

Product (p) available at the main processing unit at the end of the time
period (7) (tonne/month)

Product (p) available at the secondary processing unit (sp) at the end of the
time period (¢) (tonne/month)

Product (p) transported to market (mk) from the main processing unit at the
end of the time period (¢) (tonne/month)

Product (p) received at the market (mk) from the main processing unit at the
end of the time period (¢) (tonne/month)

Product (p) transported to main processing unit from secondary processing
unit (sp) at the end of the time period (¢) (tonne/month)

Product (p) received at the main processing unit from the secondary
processing unit (sp) at the end of the time period (¢) (tonne/month)

Product (p) transported to market (mk) from the secondary processing unit
(sp) at the end of the time period (¢) (tonne/month)

Product (p) received at the market (mk) from the secondary processing unit
(sp) at the end of the time period (¢) (tonne/month)

Product (p) available at the market (mk) at the end of the time period (7)
(tonne/month)

Product (p) sold at market (mk) at the end of the time period (¢)
(tonne/month)

Inventory at ending of the time period for the material (a) at location (b)
(tonne/month)

Inventory at starting of the time period for the material (a) at location (b)
(tonne/month)
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Nomenclature

Boolean variables

YRH*)SP

r,h,sp,t

YRHA)C

r.h,t

Ys#

r.ht

YP¢

uc,r,p,i,t

YS<,

YSP;,

YP SP

usp,r,p,i,sp,t

YS SP

r,sp,t

SP
YSP!

,Sp.t

YspM®

p,mk,t

YRTSP*)C

r,sp,t

SP—C
YPT;

,Sp.t

YPTSPA)MK

p.sp,mk,t

YPTC*}MK

p.mk,t
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Assumes the value 1 if biomass () is transported to secondary processing
unit (sp) from harvesting location (%) at the end of the time period (7)

Assumes the value 1 if biomass () is transported to main processing unit
from harvesting location (%) at the end of the time period (7)

Assumes the value 1 if biomass () is stored at harvesting location (%) for the
time period (¢)

Assumes the value 1 if biomass () is processed at processing unit (uc) of the
main processing unit using technology (7) for the product (p) at the end of
the time period (7)

Assumes the value 1 if biomass (7) is stored at the main processing unit for
the time period (¢)

Assumes the value 1 if the product (p) is stored at the main processing unit
for the time period (7)

Assumes the value 1 if biomass (7) is processed at processing unit (usp) of
the secondary processing unit (sp) using technology (7) for the product (p) at
the end of the time period ()

Assumes the value 1 if biomass (7) is stored at the secondary processing unit
(sp) for the time period (7)

Assumes the value 1 if the product (p) is stored at the secondary processing
unit (sp) for the time period ()

Assumes the value 1 if the product (p) is stored at the market (mk) for the
time period (¢)

Assumes the value 1 if biomass () is transported to main processing unit
from secondary processing unit (sp) at the end of the time period (¢)

Assumes the value 1 if the product (p) is transported to main processing unit
from secondary processing unit (sp) at the end of the time period (¢)

Assumes the value 1 if the product (p) is transported to market (mk) from the
secondary processing unit (sp) at the end of the time period (¢)

Assumes the value 1 if the product (p) is transported to market (mk) from the
main processing unit at the end of the time period (¢)
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Nomenclature

Parameters
a

r,p,i

H
CSE, 4y

C
CST,

TH-3505_156107002

Unit mass conversion ratio for biomass () into the product (p) using
technology (7) (unit product /unit raw material)

Storage cost for biomass (7) at harvesting site () in the time period ()
($/tonne)

Storage cost for biomass (7) at main processing unit in the time period (¢)
($/tonne)

Storage cost for biomass (7) at secondary processing unit (sp) in the time
period (¢) ($/tonne)

Storage cost for product (p) at main processing unit in the time period (7)
($/tonne)

Storage cost for product (p) at secondary processing unit (sp) in the time
period (7) ($/tonne)

Storage cost for product (p) at market (mk) in the time period (¢) ($/tonne)

Transportation cost of biomass (7) from harvesting location (%) to secondary
processing unit (sp) in the time period (¢) ($/tonne)

Transportation cost of biomass (#) from harvesting location (%) to main
processing unit in the time period (¢) ($/tonne)

Transportation cost of biomass (r) from secondary processing unit (sp) to
main processing unit in the time period (#) ($/tonne)

Transportation cost of product (p) from secondary processing unit (sp) to
market (mk) in the time period (¢) ($/tonne)

Transportation cost of product (p) from secondary processing unit (sp) to
main processing unit in the time period (#) ($/tonne)

Transportation cost of product (p) from main processing unit to market (mk)
in the time period (¢) ($/tonne)

Employment index for biomass(7) produced at harvesting location (%) (jobs/
tonne)

Employment index for biomass (r) transported from harvesting location (/)
to secondary processing unit (sp) (jobs/ tonne)

Employment index for biomass (r) transported from harvesting location (/)
to main processing unit (jobs/ tonne)

Employment index for product (p) transported from main processing unit to
market (mk) (jobs/ tonne)

Employment index for biomass () processed at main processing unit using
technology (i) for product (p) in the time period (¢) (jobs/ tonne)
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Nomenclature

SP—C
r,sp

SP—>MK
p.sp,mk

SP—C
p.sp

SP

mpur,sp,p,i,t

demand

pp,mk,t

SP—C
ptlpvsp

tu SP—C
p p.sp

Z‘lSPaMK
p p.sp,mk

SP—>MK
p tu p.sp,mk

C—>MK

ptlp,mk

C—>MK
ptup,mk

P
pcrr,h,t

SP
pcr,sp,p,i,t

C
pcr,p,i,t

Max
rpr,h,t

TH-3505_156107002

Employment index for biomass (r) transported from secondary processing
unit (sp) to main processing unit (jobs/ tonne)

Employment index for product (p) transported from secondary processing
unit (sp) to market (mk) (jobs/ tonne)

Employment index for product (p) transported from secondary processing
unit (sp) to main processing unit (jobs/ tonne)

Employment index for biomass (r) processed at secondary processing unit
(sp) using technology (7) for product (p) in the time period (¢) (jobs/ tonne)

Lower limit for biomass () processed at secondary processing unit (sp)
using technology (i) for product (p) in the time period (¢) (tonne/ month)

Lower limit for biomass (r) processed at main processing unit using
technology (i) for product (p) in the time period (¢) (tonne/ month)

Upper limit for biomass () processed at main processing unit using
technology (i) for product (p) in the time period (¢) (tonne/ month)

Upper limit for biomass () processed at secondary processing unit (sp)
using technology (7) for product (p) in the time period (¢) (tonne/ month)

Demand of Product (p) at market (mk) for the time period (¢) (tonne/ month)

Lower limit for transportation of product (p) from secondary processing unit
(sp) to main processing unit (tonne/ month)

Upper limit for transportation of product (p) from secondary processing unit
(sp) to main processing unit (tonne/ month)

Lower limit for transportation of product (p) from secondary processing unit
(sp) to market (mk) (tonne/ month)

Upper limit for transportation of product (p) from secondary processing unit
(sp) to market (mk) (tonne/ month)

Lower limit for transportation of product (p) from main processing unit to
market (mk) (tonne/ month)

Upper limit for transportation of product (p) from main processing unit to
market (mk) (tonne/ month)

Production cost of biomass () at harvesting site (/) for the time period (¢)
($/tonne)

Processing cost for biomass (7) at secondary processing unit (sp) using
technology (i) for product (p) in the time period (¢) ($/tonne)

Processing cost for biomass (7) at main processing unit using technology (7)
for product (p) in the time period (¢) ($/tonne)

Maximum production capacity of biomass () at harvesting location (4) for
time period () (tonne/ month)

121



Nomenclature

SP— C

rtu,

SP—C
ri,

H—SP
rtlr,h,sp,t

H—SpP

rtur,h,sp,t

H->C
vl

H->C

rtur,h,t

H
sler

r.h

H
Sucr,

r.h

sler©
sucr’

C

slep,,
C
sucp,

SP
slcrrysp

SP
sucr;,

SP
p.Sp

slep

SP
Sucpp,sp

MK
p.mk

slep
MK
Sucpp,mk

sold
Spp,mk,l
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Upper limit for transportation of biomass () from secondary processing unit
(sp) to main processing unit (tonne/ month)

Lower limit for transportation of biomass () from secondary processing unit
(sp) to main processing unit (tonne/ month)

Lower limit for transportation of biomass () from harvesting location (/) to
secondary processing unit (sp) for the time period (¢) (tonne/ month)

Upper limit for transportation of biomass () from harvesting location (%) to
secondary processing unit (sp) for the time period (¢) (tonne/ month)

Lower limit for transportation of biomass (7) from harvesting location (/) to
main processing unit for the time period (¢) (tonne/ month)

Upper limit for transportation of biomass (7) from harvesting location (%) to
main processing unit for the time period (¢) (tonne/ month)

Lower limit for storage of biomass (7) at harvesting location (/) (tonne/
month)

Upper limit for storage of biomass (7) at harvesting location (%) (tonne/
month)

Lower limit for storage of biomass () at main processing unit (tonne/
month)

Upper limit for storage of biomass (7) at main processing unit (tonne/
month)

Lower limit for storage of product (p) at main processing unit (tonne/
month)

Upper limit for storage of product (p) at main processing unit (tonne/ month)

Lower limit for storage of biomass (r) at secondary processing unit (sp)
(tonne/ month)

Upper limit for storage of biomass (r) at secondary processing unit (sp)
(tonne/ month)

Lower limit for storage of product (p) at secondary processing unit (sp)
(tonne/ month)

Upper limit for storage of product (p) at secondary processing unit (sp)
(tonne/ month)

Lower limit for storage of product (p) at market (mk) (tonne/ month)
Upper limit for storage of product (p) at market (mk) (tonne/ month)

Selling price of product (p) at market (mk) for the time period (¢) ($/tonne)
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5.3. Proposed mathematical model for the multi-unit bio-refinery superstructure

5.3.  Proposed mathematical model for the multi-unit bio-refinery superstructure

The superstructure constitutes various constraints at multiple nodes of the model, starting from
the harvesting locations to the end-user supply centers. The individual constraints are detailed

in the following sections.

5.3.1. Balances at the harvesting locations

The biomass production capacity at the harvesting locations usually depends on climatic

conditions, land size, equipment, labor availability, demand at processing units, etc. The

biomass production at the harvesting location (r:h’t) cannot exceed the maximum production

capacity (rp%:fj) of the harvesting site for any time instant as given in Equation (5.1)

(Santibafiez-Aguilar et al. 2014).

vl <l NreR,heH,teT (5.1)

I

The biomass at the harvesting location at any time instant (7, ,) depends on multiple factors

such as the amount of biomass available from the previous time instant (7.

~h.1)» production of

biomass ( rfh'[ ), and distribution of available biomass to processing facilities

(rHaSP

H—C
r,h,sp,t andr

r,ht

) at the current time instant which is provided in Equation (5.2) (Santibaiiez-

Aguilar et al. 2014).

rht " ekl r

H H P H—->C H—SP
UL e o el —er'h‘w ,VreR heH teT (5.2)
sp

Biomass transportation from the harvesting location

The biomass available at the harvesting locations is transported to various processing locations

using different modes of transport. Each transport link between the harvesting locations and

H—>SP

H—>C
r,h,sp,t o )

r,ht

the various processing units can operate within a domain of maximum (rfu and rtu
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5.3. Proposed mathematical model for the multi-unit bio-refinery superstructure

H—->SP
rhsp,t

->C

and minimum ( r¢/ and 7> ) transportation capacity. The domain constraints for the

transportation of biomass to main and secondary processing units are given in Equations (5.3)

and (5.4) respectively (Santibafiez-Aguilar et al. 2014).

RIS S SRl Y, reRbeH speSPeT  (53)
YR CrtllC <nl ¢ SYRI: Crl )€ VreR heH ieT G4

The above constraints are realized using binary variables (YR>>" and YR",> ), which ensure

a feasible transport link between the harvesting locations and the corresponding processing

unit.

Time constraints on transportation from harvesting locations

H—SP

S andra,’,” ) to the

The biomass transported from the harvesting locations is delivered (ra o
processing units after a finite transportation time (z+¢rans ). This transportation time usually
depends on the medium and distance of the transportation link. The use of transportation time

in the supply from the harvesting locations and reception at the processing units is realized

using Equations (5.5) and (5.6) (Santibafiez-Aguilar et al. 2014).

pHSP g oSP VreR,heH,speSP,teT (5.5)

r.h,sp,t r,h,sp,t+trans ’

pH2C —pqlti=cC VreR,heH, teT (5.6)

rht r,ht+trans ?

Biomass storage at harvesting locations

The harvesting locations utilize storage facilities to store the surplus amount of biomass
produced at any time instant, which can be used in the next instant. The storage facilities are

decided in advance depending upon the anticipations and can only be stored at the designed

capacity. Apart from the restrictions on the maximum storage (sucr”

=), the storage facilities
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5.3. Proposed mathematical model for the multi-unit bio-refinery superstructure

should be feasible considering the workable size and need to be designed above a minimum

level (slcr”,). The domain of storage capacity is given in Equation (5.7) (Santibafiez-Aguilar

etal. 2014).

YthY[slcrf,z Srfj” < YS:’h'tsucnflh ,VreR,heH, teT (5.7)
Biomass availability at the main processing unit

H->C
r,ht

The main processing unit can receive biomass from the harvesting locations (ra ) as well as

from any of the secondary processing units (7a’’>) (Santibafiez-Aguilar et al. 2014). The

r,sp,t

biomass available at the main processing unit at any time instant (', ) depends on the amount

of stored, procured, and processed biomass as provided in Equation (5.8) .

C C H—>C SP—C C
r=rS 4y ra’y +Zrarlspj —ZZeruc’r’pli’t ,VreR,teT (5.8)
h sp

uc p i

5.3.2. Balances at the main processing unit

The biomass at the main processing unit utilizes multiple available technologies suitable for the
received biomass and produces multiple products. The amount of product produced depends on

a technology-dependent conversion factor («, ,;, ). Each biomass requires a finite processing

time (#p) to produce the related product. The amount of product produced at a time instance

(t+1p) can be determined using Equation (5.9).

C

Py, i = Puer i YUCEUC,reR, pePyicly, teT (5.9)

The total processing capacity of each unit in the main processing unit possesses a processing
domain, with an upper limit equal to the maximum processing capacity (mpu’ ,.i. ) of the unit,

C

and the lower limit is the minimum biomass required (mpl, , , |

) to commence the unit operation
as given in Equation (5.10).
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5.3. Proposed mathematical model for the multi-unit bio-refinery superstructure

mpuf‘p’[‘, YuceUC,reR,pePy,icl, teT (5.10)

YPC mplfp,i,tgrpuc;,r,p,i,tSYPC

uc,r,p, it uc,r,p,it
The processing capacity of the units in the main processing unit is regulated using a binary

variable ( YPS

verpic )» Which gets activated if the selected biomass is processed within the
appropriate processing domain.

Product balance at the main processing unit

The products available at # time instant ( pi[ ) depend on the product stored from the previous

C

uc,r,p,i,t

time instant, the product produced at the current time ( pd ), the product received from the

SP—C

Co>MK
P.Sp.t o )

p.mk,t

secondary processing unit ( pa ), and the total products dispatched to the markets ( p

which can be determined using Equation (5.11).
pg_t :Ps,t71 +Z ZZpd,i,,r‘p’i’t +Z pa;i;tc—sz(f;ff ,VpeP, teT (5.11)
uc r i sp mk

Storage at the main processing unit

The main processing unit stores the excess available biomass and products in two types of
storage. The storage constraints present in the main processing unit are similar to the storage
constraints of the harvesting locations and are followed when designing the storage at the main
processing unit. The domain corresponding to the storage facility of the products and different

biomass types are given in Equations (5.12) and (5.13) (Santibafiez-Aguilar et al. 2014).
YSS slerS <rf,<YSS sucrS NreR,teT (5.12)
YSPpétslcpE < p;t < YSPP?,sucpﬁ ,VpeP,teT (5.13)
5.3.3. Balances at the secondary processing units

The secondary processing units can only receive the biomass from the harvesting locations.

SP

The total biomass available at any time instant (7, ) depends on the stored biomass from the
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5.3. Proposed mathematical model for the multi-unit bio-refinery superstructure

), the biomass received from harvesting locations (ra”;>*"), the

. . . SP
previous time instant (7 rhsp.t

r,sp,t-1

biomass transported to the units of the main processing unit (7*"¢

ox )» and the amount of

biomass processed at the secondary processing unit for the current time instant (rpi; rsppin)

as given in Equation (5.14).

sp __ _SP H—SP SP SP->C
rr,xp,t _rr,sp,t—l+zrar,h,sp,t_zerpusp,r,w,p,i,t_rr,sp,t ,erR,SPESP,tET (514)
h

usp p i

The time difference between the origin and the terminating station of the transport is denoted
as the transportation time, and it is crucial in analyzing the effect of transportation links on the
model. The relation between the raw material sent from the secondary processing unit to the

main processing unit is given in the Equation (5.15) (Santibafiez-Aguilar et al. 2014).

pSP2C —pgSPoC ,VreR,speSP,teT (5.15)

r,spt r,sp,t+trans

Biomass processing at the secondary processing units

The biomass processing at the secondary processing unit utilizes an appropriate technology with
respect to the biomass for producing the products. The production is realized mathematically
using a conversion factor that determines the final mass of the product made from the biomass

as provided in Equation (5.16).

SP

p usp,r,sp,p,i,t+p =a

,YuspeUSP,reR,peP,,icl,,speSP,teT (5.16)

SP
r,p,irpusp,r,sp,p,i,t

Similar to the main processing unit, the processing in the secondary processing units follows a
processing domain, as given in Equation (5.17) , that allows the biomass to be processed within

a finite processing limit.

SP SP SP SP SP
YRlsp,r,sp,p,i,tmplr,sp,p,i,t S rpusp,r,sp,p,i,t S Blsp,r,sp,p,i,tmpur‘sp'p‘j’t s (5 17)

VuspeUSP,reR,pePy,icl,, speSP,teT
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5.3. Proposed mathematical model for the multi-unit bio-refinery superstructure

Product balance at secondary processing units

Similar to the raw material balance, the product at the secondary processing unit for any time

SP

instance ( pj’; ,..) 1s dependent on the product available at the previous time instance (p, ),

the amount of product produced ( pd*”

wprppic ) USING biomass through different processing

routes, the amount of product transported to the main plant ( p" > ), and the market ( p)’ > )

for the corresponding time instant as Equation (5.18).

=D LD pdi D=y pi v, VpeP,speSP,teT (5.18)
usp r i mk

The transportation of product from a secondary processing unit to the main processing unit

requires a finite time and is given in the Equation (5.19) (Santibafiez-Aguilar et al. 2014).

pirC=pattoC VpeP,speSP,teT (5.19)

p.sp,t p.sp,tttrans

Storage at the secondary processing unit

Analogous to the main processing unit, the excess biomass and product are stored in two
different storage facilities in the secondary processing unit. The storage facilities follow a
storage domain for the products and different biomass types as in Equations (5.20) and (5.21)

(Santibanez-Aguilar et al. 2014).

SP SP SP d (0]
YSmp’,slcr,)Sp SrAA SYSr’Sp)[sucn'Sp ,VreR,speSP,teT (5.20)
YSP;f’Sp',slcpjip Spjip’[ SYSP;;,sucpiip ,VpeP,speSP,teT (5.21)

Domain constraints on transportation

The transportation of biomass and products among the processing units is constrained by a
domain constraint, which ensures a realistic flow rate. This constraint helps avoid unrealistic

flow rates, such as a biomass flow rate of 0.0001 tons/month. The secondary processing units
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are allowed to transfer the products and biomass with the main processing unit, and the

transportation follows the relation in the Equations (5.22) and (5.23) (Santibanez-Aguilar et al.

2014).
SP—>C SP—>C SP—>C SP—C SP—>C
YRT vt <n’ " <YRT' T“rtu. = ,VreR,speSP,teT (5.22)
YPTPS;;Cptl;f;CSpji;CSYPT;;?Cptujﬁ:C ,VpeP,speSP,teT (5.23)

The products produced from the main and secondary processing units are sent to the market,
and the transportation domain follows the Equation (5.24) and (5.25) (Santibafiez-Aguilar et

al. 2014).

SP—> MK SP—MK SP—MK SP—>MK SP—MK
YPTp,sp,mk,tptlp,sp,mk Spp,sp,mk.t SII})T;a,s‘za,mk,tptup,sp,mk ’

(5.24)
VpeP,speSP,mke MK ,teT

YPTC%MKptZCAMK SpC%MK SYPTCAMKptuCAMK NpeP,mkeMK,teT (5.25)

p.mk,t p.mk p.mkt p.mk,t p.mk
Time constraints on product transportation from processing plants

The delivery of products from each processing plant to the markets requires a finite
transportation time. Each of the shipments reaches the market after the elapsed transportation

time as given in Equations (5.26) and (5.27) (Santibafiez-Aguilar et al. 2014).

PO = paS MK VpeP,mkeMK teT (5.26)

p.mk.t p.mk t+trans’

SPMK SPoMK VpeP,speSP,mke MK ,teT (5.27)

pp,sp,mk,t :pap,sp,mk,tﬂrans’
5.3.4. Balances at the markets

The products from the main and secondary processing units are sent to the markets to fulfill the

demands. Any excess product is kept at the storage facility available at the markets. The product

MK

available at the market for any time instant (p,, |

) depends on the product available from the
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C %MK

previous time (p,", ), the total product received from the main ( pa;, '} ) and secondary

SP—MK
p.sp,mk t

So ld

processing units ( pa ), and the total products sold to consumers ( p.’,, ) as provided in

Equation (5.28) (Santibafiez-Aguilar et al. 2014).

Do = pkm,”1+Zpa§i:fk’i+pa§;’ff—pi“,’,,i, ,VpeP,mkeMK,teT  (5.28)

The model allows the selling of the products only up to the demand as in the Equation (5.29).
Py S Pt YpeP,mkeMK teT (5.29)

Storage at the markets

The excess products delivered from the main and the secondary processing units above the
current demand are stored at the respective markets. The surplus products are used for
subsequent time periods. The domain constraints of the storage facilities are given in Equation
(5.30).

VAY slcppmkﬁppmk,_YSP M sucpff’ik ,VpeP mke MK teT (5.30)

p.mk,t p.mk,t

Model constraints at the starting and ending of time periods

The model is equipped to solve for any period of time and thus needs to define a relation at the
start and end of the time periods. This requirement is realized using a realistic time frame
approach where for each time horizon, the inventory at the end of a time horizon (x

) is

a,b,teq
considered equal to the inventory at the start of the next time horizon (x,, ). This constraint

is applied to the storage facilities and is generalized in the Equation (5.31) (Santibafiez-Aguilar

etal. 2014).

x =x,,.. Vae{R, P} be{H, SP,C,MK} (5.31)

@.b,tonq
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5.3.5. Objective: Maximize profit and social impact

The economic constraints define the associated operational cost of the superstructure and are
present at various supply chain nodes. These costs include the cost associated with producing,
transporting, and storing raw materials and products at various locations. The total production
cost (J”) consists of biomass production cost at different harvesting locations and the
processing cost of the available biomass into valuable products at the processing plants, which

is calculated using Equation (5.32).

JP ZZZ r h tpcr;f)h,t+ZZZzzrpi,r,p,i,tpcfp,i,t
DD INIPI) I L

usp r sp p i

(5.32)

The transportation cost (J” ) usually depends on the mode of transportation selected and the
amount of material transported. The current model accounts for the cost due to the
transportation of raw materials and products between various processing units, as given in the

Equation (5.33) (Santibafiez-Aguilar et al. 2014).

ZZZth e +ZZth Ny
+ZZZC%‘*§ZC ,SQ?CZZZZCWE’ZZZM’.ZZZZ (5.33)
r o sp ot

sp mk t
SP—C __SP—C C—>MK C—>MK
+ZZZC’I%.W Ppspi +ZZZCtpp mht P pmh
p sp t p mk t

The storage cost (J*) is determined by using a variable operational cost for the storage of raw
material or products at the production and distribution centers as given in Equation (5.34).

The cost is proportional to the amount of storage required at any particular time period.

ZZZCS r h, tr; h, t+zzcs rt r t+zzzcs rvpt r&pt
+chspptppt+zzzcspp sp, tpp W‘*‘ZZZCSPP mktpp mk ,t

p mk t

(5.34)
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The social impact (S of the model, determined using Equation (5.35), is quantified using
the number of jobs generated from any particular process. The number of jobs generated at the
harvesting location is mainly dependent on the amount of biomass produced and transported to

various processing units.
SI" =22 2l ne +ZZZZ€Z’&§P Tt L0 Tl (539

The number of jobs at the processing units is proportional to the quantity of raw material and

product transported to various locations along with the quantity of raw material processed. The

social impact at the main processing unit (S/°) and the secondary processing unit (SI*") is
determined using Equations (5.36) and (5.37) , respectively.

SI =22 2 0m Prns * 21202202 pia Prcr i (5.36)
uc r p i t

p mk t

SP _ SP—C _ SP—C SP—>MK __SP—MK
ST =2 2 T+ L2 22 ik P
rosp ot sp mk t
(5.37)

+zzze;i:0pii:f+zzzzzzerWpmpmp,,,t
P sp

usp r Ssp p 1

The multi-unit biorefinery model is solved for optimal design and operational decisions
corresponding to the selected objectives. The objectives demonstrate the economic and social
benefits of the proposed strategy. The economic performance of the model is measured by
determining the total profit over the available time period, which is the difference between the

net revenue obtained from the products and the total involved cost. In this case, the total

involved cost includes the cost of raw material, storage at various locations, transportation

between various nodes, and the plant operational costs.

Profit= ZZZp;”ifktsp;”fk, (JP+JT+JS) (5.38)

p mk t
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The model uses a second objective in terms of social impact by generating jobs and trying to

deduce the relationship with economic performance. The cumulative effects at the harvesting

(SI™), main (SI°) and secondary processing units (S7°" ) are maximized, which is understood

to benefit the communities socially by generating higher employment.
SI=SI" +SI° +SI** (5.39)
5.4. Case study of periodic distributed biorefineries

The proposed multi-unit strategy is tested on a case study of biofuel production in Mexico
adapted from literature (Santibanez-Aguilar et al. 2014). The case study constitutes wood chips
(), sugar cane (r,), corn (r;), sorghum grain (r,), sweet sorghum (r5), African palm oil (),
jatropha (r;), and safflower (7g) as biomass. Six harvesting sites located at different

geographical locations provide eight types of biomass. Biomass processing can be carried out
using four processing technologies at one main processing unit and five secondary processing
units. The main processing unit has a higher processing capacity with lower processing costs,

considering the economics of scale.

The case study considers the production and distribution of ethanol and biodiesel among five
markets over a 12-month time period. The details regarding the technologies and corresponding
conversion factors for different products, bio-resource cost, transportation cost, processing
cost, and product demand are available in Ponce-Ortega and Santibafiez-Aguilar (2019 and are
provided in Appendix D. The single objective multi-unit optimization model involves 20134
binary variables, 37928 continuous variables, and 59596 constraints considering three units per
technology. The upper limit on maximum allowable processing units is decided using a
sensitivity analysis and is given in later sections. The limits on various flow rates and

processing capacities are considered as per the data available in the literature (Ponce-Ortega
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and Santibafiez-Aguilar 2019). The multi-objective model is solved using the e-constraint
method discussed in Mavrotas (2009). The multi-unit model is formulated using IBM ILOG
CPLEX Optimization Studio V12.8.0 and solved using the CPLEX solver with default settings.
Each determined Pareto point took an average of 2.01 seconds using a 4.20 GHz 17-7700K

processor with 32 GB of RAM.
5.5. Results and discussion

This section analyses the benefits of the multi-unit strategy by first considering the objectives
individually. The trade-off between profit and social impact is discussed in the multi-objective
section. A sensitivity analysis corresponding to the effects of varying demand and number of
processing units on the multi-unit model is also presented to demonstrate the features of the

proposed model.
5.5.1. Single objective analysis

The production restriction can be improved by implementing multiple units, which
significantly helps produce more profitable products. The total product sold and corresponding
profit are given in Table 5.1. Using the proposed strategy has increased ethanol production and
increased profit by 4.73 %. Biodiesel production remains similar to the single-unit strategy,
indicating a saturation limit in the production and thus cannot provide any additional economic

benefits.

The multi-unit strategy also helps in increasing the processing of additional biomass, such as
woodchips, in the current case study. Even though the multi-unit strategy has the provision of
processing a higher amount of biomass, the processing of the other types of biomass in Table
5.1 remains unchanged for both single and multi-unit strategies. This is mainly due to reaching
the breakeven point of sorghum grain and African palm oil, where any further processing does

not contribute to the profit and leads to losses. Such a scenario is due to the unavailability of
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jatropha for further processing. A unit increase in the use of sorghum grain leads to a loss of
$2/year; however, a loss of $7305/year is observed per unit increase in the use of African palm.
This large deviation of losses per unit increase of raw materials is due to the change in the
optimal solution structure, forcing the structure to reroute the processing. The higher breakeven
point of woodchips could be identified using the multi-unit strategy and the assistance in the

increment of profit.

Table 5.1 Annual raw material processed, product sold, and profit

Single unit Multi-Unit

Wood Chips (Gasification and Biosynthesis) 105684.5  108995.3

Sorghum grain (Pre-treatment, acid 2172738 2172738

Raw material hydrolysis, and fermentation)
processed
(tonne/year) African Palm oil (Extraction and trans-

esterification with methanol) 73548 73548

Jatropha (Extraction and trans-esterification

. o) 1059600 1059600

Ethanol 6793464  680215.4
Product

(tonne/year) Biodiesel 361457.6  361457.6
Profit ($/year) 60552782 63417058

The breakeven point for the current case study solely depends on the availability of jatropha.
Any increase in its availability will change the solution structure and the maximum profitable
quantities of the other raw materials. The benefits of economies of scale can be observed from
Fig. 5.2, where the higher capacity main processing unit is supplied with the majority of the
processing task. Although the maximum profitable use of the jatropha is achieved in the single
unit case, the additional units in the main processing unit help restructure the transportation

and processing strategy of the superstructure.
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Fig. 5.2 Biomass processing contribution of the main and secondary processing units

The main processing unit is of higher capacity and can process the biomass with lower
processing costs using economies of scale. Hence, the processing of jatropha and woodchips
has been moved entirely to the main processing unit. The contribution of various processing
plants towards the produced products using single-unit and multi-unit strategies is depicted in

Fig. 5.3.

[ Main processing unit

Ethanol{6.78%) Ethanol(6.55%) Biodiesel{7.04%)

D Secondary processing unit

Biodiesel(27.68%)
Biodiesel(34.7%)
Ethanol(58.52%)
Ethanol{58.72%)

Multi-unit Single-unit

Fig. 5.3 Product contribution from the processing units
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In the single-unit production strategy, each product was produced at both types of processing
plants, whereas in the proposed strategy, only ethanol production is carried out at the secondary
processing units. The total production share of the secondary processing unit is reduced to
58.52 % from 65.76 %. At the same time, the share of the main processing unit increased from
34.23 % to 41.48 %. The significant reduction is in biodiesel production in the secondary
processing units, as the total biodiesel is sourced from the main processing unit using the multi-

unit strategy.

A pictorial representation of the solution for maximum profit using the multi-unit strategy is
given in Fig. 5.4 (a). The optimal solution utilizes four of six harvesting locations and one of
five secondary processing units. Each selected harvesting location sends biomass to the main
processing unit, whereas only the third harvesting location is responsible for the biomass at the
secondary processing unit. The secondary processing unit and the main processing unit use

multiple processing units to process the received biomass.

It has to be noted that the main plant received biomass from the secondary processing unit as
the storage capacity of the main processing unit also restricts the maximum available raw
material at any point in time. In order to use the cheaper processing facility, additional biomass
is stored and procured from the secondary processing units. The transportation of a certain
quantity of ethanol from the secondary processing units to the markets through the main
processing unit is observed to benefit from cheaper transportation. The detailed solution
obtained for the maximization of profit case is given in Appendix D. The social impact focuses
on generating the maximum number of jobs distributed over various nodes of the
superstructure. The maximization of this objective is highlighted using three observations, as

given in Table 5.2.
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Fig. 5.4. Multi-unit solution for (a) Maximum profit (b) Maximum SI

The emphasis on only job creation leads to a negative profit as the solution tries to create
maximum employability through producing and transporting biomass and biofuel, irrespective
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of the profits. The solution structure for the maximize SI case is provided in Fig. 5.4 (b). The
solution accepts the maximum available biomass from all the harvesting locations and
processes at the main processing unit. Instead of accepting the biomass directly from the
harvesting locations, procurement is done through the secondary processing unit, which helps

provide additional storage capacity and job opportunities in the transportation sector.

Table 5.2. Number of jobs generated (jobs/year)

Objective B10ma§s Transportation Processing
production
o Single unit 391629 96257 39274
Maximize SI
Multi-unit 391629 96632 39287
f. Single unit 371 2035 2699
Maximize Profit Pt
Multi-unit 372 2110 2701
Maximize SI, Single-unit 17758 4159 4685
nonnegative profit  nylti-unit 18420 4324 4737

The second observation demonstrates the number of jobs generated from the model for the
maximum profit case while using the multi-unit strategy. The increase in biomass processing
capacity also increases biomass production at the harvesting locations for the proposed
approach. An additionally produced biomass generates additional jobs at all the important
nodes capable of influencing the social impact. The last observation is based on the case where
the model generates maximum jobs without incurring any losses. The total number of jobs
generated using the nonnegative profit constraint is significantly higher than the maximum
profit case. It is due to biasing the superstructure for only profitable production and distribution

of both biomass and products, which in turn limits the number of jobs generated.

5.5.2. Multi-objective analysis

The association of social impact on the profit of the model using both the single-unit and multi-

unit strategy is shown in Fig. 5.5. The behavior of the two objectives is summarized using two
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relations. The initial generation of jobs varies directly with the profit, where the rate of change

of profit with respect to the number of jobs generated is significantly higher.
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Fig. 5.5. Relation between profit and social impact

An inflection point in the curve can be observed at the maximum profit, where any further
increase in the number of jobs decreases the profit. It validates the observation obtained in the
single objective case considering the maximization of social impact. Implementing the multi-
unit strategy helps achieve better profit and the number of generated jobs in each obtained
solution. A notable difference can be observed once the multi-unit strategy surpasses the single-
unit restrictions in the production and distribution of biomass and biofuel.

Table 5.3. Selected Pareto points for maximum profit vs maximum social impact

Maximize profit ($/year) Maximize SI (jobs/year)

6.34E+07 5.18E+03
-2.85E+10 5.27E+05
0 2.74E+04
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Table 5.3 provides three major Pareto points of the case study, where the first two points are
the extreme objectives that correspond to each of the objectives. The third point unveils the
decisive point of social impact on decision-makers when negotiating between employment and
annual profit.

5.5.3. Effect of number of processing units and demand variation

The installation of multiple units can be restricted by the investment budget or by reaching the
optimal processing capacity of the superstructure. Investors and government policies mainly
influence the restriction on the budget. On the other hand, once the profit is stagnant, the
addition of multiple units does not affect the optimal conditions of the superstructure unless
any external disturbance is attributed. The effect of multiple processing units on the total annual
profit is given in Table 5.4. The use of more than three processing units for the superstructure
does not provide any economic benefit to the model, even with surplus raw material and
unsatisfied total demand. Using multiple processing units across various processing centers
increases their processing capacity and helps satisfy additional demand. The effect of demand

variation on the multi-unit model is shown in Fig. 5.6.

Table 5.4. Effect of the number of processing units on profit and social impact

Maximum units Profit ($/year) SI (jobs/year) % Improvement (profit)

1 60552782 5105 -
2 63415343 5189 4.727
3 63417058 5183 0.003
4 63417058 5183 -
5 63417058 5183 -

The actual product demand is varied between 50% to 150%, and the corresponding profit from
the single and multi-unit models is analyzed. The increase in demand from 50% increases the

profit in both the single-unit and the multi-unit model. However, any increase in demand above
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the actual demand, i.e., 100%, does not benefit the single-unit model due to the restriction of
the capacity constraints at various processing centers. The demand below the actual demand
helps the multi-unit model due to the economics of scale, and the products are processed using

cheaper processing costs at the main processing units. The profit increment by varying the

demand from 50% to 150% of the actual demand is observed to be from 3.96% to 4.76%,

respectively.
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Fig. 5.6. Effect of demand variation on profit

5.6. Conclusion

The choice of processing technologies and their processing capacity plays a crucial role in
achieving optimal benefits in the bioenergy supply chain. This chapter addresses the lacuna in
the capacity planning of biorefineries by proposing a multi-unit model that allows the
implementation of multiple profitable process units at the biorefineries. The efficacy of the
model is demonstrated in a case study with economic and social objectives. The proposed
multi-unit, multi-period biorefinery superstructure model determines optimal decisions related

to the location of the harvesting sites and processing plants, selection of processing
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technologies, capacity planning for processing plants, and material distribution for the supply
chain network. The model is able to increase the economic and social benefits over the literature
by employing multiple units of profitable processing technologies at the main and secondary
processing units. The single objective studies of the model have provided valuable insights into
the effect of plant capacity on superstructure design and breakeven analysis of the raw materials
towards the economic performance of the overall network. The multi-objective study has
identified multiple observations regarding the relationship between total profit and the number
of jobs generated. The study also identified the regions where the profit exhibits a dual
relationship with the number of jobs. The multi-unit model has improved the profit by 4.73%

and has generated 78 additional jobs in the analysis performed over 12 months.
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Chapter 6

An optimization framework using metaheuristic techniques for solar air

collectors

This chapter proposes a framework using metaheuristic techniques for exergetic optimization
of simple and finned flat plate solar air collectors that determines the optimal design and
operational parameters for humid subtropical climatic conditions. A comprehensive optical,
energy and exergy analysis is carried out to evaluate the performance, energy, and exergetic
efficiency of simple and finned flat plate solar air collectors under humid subtropical climatic
conditions. The proposed model is optimized using computational intelligence technique for

maximum mean exergy efficiency in simple and finned solar air collectors.

The literature review for the study is discussed in Section 6.1, revealing the application of
metaheuristics on solar energy models and their challenges. A detailed model of the solar air
collectors considered in this chapter is provided in Section 6.2. Section 6.3 provides a detailed
mathematical model and the general metaheuristic approach to optimize the model. Section 6.4
of this chapter explains the proposed solution strategy to improve the performance of
metaheuristic techniques and briefly highlights the features of the selected algorithms. The
problem description and the results are discussed in Sections 6.5 and 6.6, respectively. The
chapter concludes by summarising the benefits of the proposed formulation.

6.1. Background

The performance of solar collectors is significantly dependent on their geometrical optical and
operational parameters, and optimization is the only method to find the best controlling
parameters that will yield the best-performing efficiency. Ajam et al., (2005) performed

exergetic optimization of simple solar air heaters and compared it with the energy analysis and
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concluded that exergy analysis has a larger impact when compared to energy analysis for
optimization and design purposes. Luminosu & Fara, (2005) optimized operational conditions
based on exergy analysis for a serpentine flat plate collector and presented optimal area and
mass flow rate for maximum energy and exergy efficiency for the place of interest.
Shojaeizadeh et al., (2015) performed exergy efficiency optimization for a nanofluid-based
flat-plate solar collector. The optimization was performed using the interior point technique
with mass flow rate, inlet fluid temperature, nanoparticle volume concentration, and solar
radiation as independent parameters. Hedayatizadeh et al., (2016) performed exergy loss-based
efficiency optimization for v-corrugated double-pass solar air heater. The maximum exergy
efficiency was found by varying the distance between the two adjacent glazings, corrugation
height, heater area, and mass flow rate. It was shown that the exergy loss due to the temperature
difference between the sun and absorber plays the most important role, and the other terms
remain insignificant. Debnath et al., (2019) used a fuzzy logic-based expert system (FLES) to
determine the thermal performance of a corrugated plate solar air collector. The use of the
FLES model was observed to provide high accuracy against the experimental data. The use of
transparent insulation material for performance improvement was studied by Ammar et al.,
(2021). Reddy et al., (2021) used a sand-coated absorber to enhance the outlet temperature and

thermal efficiency of solar collectors.

Designing solar collectors requires in-depth studies of governing concepts and parameters that
affect the operational condition and assembly process. Advanced solution techniques for
solving solar models are a common practice. Computational Intelligence (CI) techniques,
which do not require any gradient information, are generally used for problems of complex

nature. When compared to deterministic techniques, CI techniques are able to handle nonlinear
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equations easily and are used extensively in solar collector models. Kim et al., (2016) solved
an integrated solar thermal energy model with multiple objectives using the genetic algorithm.
The multi-objective model optimized five objective functions using the type of storage, type
of collectors, and slope of the collectors as decision variables. The model was constrained by
the rooftop length and width along with budget and annual heat generation requirements.
Yildirim & Aydogdu, (2017) optimized thermo-hydraulic efficiency based on channel depth
and air mass flow rate as design and operational variables for single-pass and double-pass solar

air heater under steady-state conditions.

Despite the performance and wide usage of solar collectors depending on the optimum design
and operational parameters, there have been minimal insights available in the literature. For
example, previous literature (Siddhartha et al., 2012; Varun et al., 2011; Varun & Siddhartha,
2010) considered various approximations in the heat transfer processes of the system, such as
the side loss coefficient of the solar collector is negligible, the top loss coefficient depends on
the constant wind convection coefficient, the efficiency factor does not account for radiation
loss coefficient, and the collector removal factor refers to the outlet temperature, etc. Previous
studies (Ajam et al., 2005) have mainly focused on identifying the objective function of the
problem with its constraints, but they did not address the problem of the upper/lower bounds
on decision variables. The lack of proper optimization problem formulation, details on decision
variables, constraints parameters, optimization algorithms, defined parameters, etc., in
previous literature have been addressed in this chapter. It is also to be noted that Jawaharlal
Nehru National Solar Mission of the Ministry of New and Renewable Energy, Government of
India, has identified Guwahati city (humid subtropical climatic conditions) as a solar city

among 60 identified cities to be developed as a solar city under the mission. Due to the
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favorable humid subtropical climate conditions, the possibility of implementing solar air
heating collectors for conversion of solar energy into heat using actual hourly data over a year
is also a subject of research effort in this chapter, exhibiting significant possibility for space
heating, running irrigation, greenhouses, and grain drying in agricultural fields. In order to
identify optimum design and operational parameters for the preliminary stages of design of
simple conventional air collectors and finned air collectors for humid subtropical climatic
conditions, maximizing exergetic efficiency was identified as the objective function for
optimization without cost minimization. In this chapter, simple and finned solar air collectors
(cases 1 and 2) are optimized using a CI technique by incorporating the shortcomings discussed
in the previous literature and are analyzed for the effects of various design and operational
parameters on their performance. The major objectives of the current study are summarized as
follows: (i) Literature gap related to optimization problem formulation is presented by
providing crucial details related to the bounds of the decision variables, constraints,
optimization algorithm, and related parameters (ii) Simple and finned type solar air collector
models for humid subtropical climatic conditions are proposed (iii) Feasibility of using solar
air collectors for conversion of solar energy into heat for Guwahati, India (identified as a solar
city by Ministry of New and Renewable Energy, Government of India) is analyzed and (iv)
Optimization of proposed solar air collector models for maximum exergy efficiency using CI

technique and determination of optimal design and operational parameters are addressed.
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Nomenclature

Nomenclature
a Constant
a, Constant
4, Area of absorber plate (m?)
Ay Fluid flow area (m?)
b, Constant
b Constant
C,,C,,C, Constraints on the optimization model
C, Specific heat of fluid (kJ/kg K)
Cpa Specific heat of air (kJ/kg K)
D, Equivalent diameter of the channel (m)
E ., Destroyed exergy rate (kJ)
Em Inlet exergy rate (kJ)
E, Leakage exergy rate (kJ)
E, Elevation of Guwahati, India (kms)
Eam Outlet exergy rate (kJ)
ES Stored exergy rate (kJ)
B Exergy rate due to temperature difference between the plate and working fluid
d.AT, (kJ)
E, » Exergy rate due to pressure drop due to friction in the flow channel (kJ)
E dAT, Exergy rate due to temperature difference between the plate and the sun (kJ)
i Absorbed solar radiation exergy rate by
nQ the heater (kJ)
E,, Inlet exergy rate with fluid flow (kJ)
E,. Outlet exergy rate with fluid flow (kJ)
Fy Heat removal factor
F Collector efficiency factor
h Effective heat transfer coefficient
¢ (W/m? K)
h, Convective heat transfer coefficient inside the channel(W/m? K)
h, Equivalent radiative heat transfer coefficient (W/m? K)
h Heat transfer coefficient between first cover and surrounding air (W/m? K)

=
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hy, Heat transfer coefficient between working fluid and absorber plate (W/m? K)
hy Heat transfer coefficient between working fluid and bottom plate (W/m? K)
h, .. Heat transfer coefficient between first and second glass cover (W/m? K)
h, . Heat transfer coefficient between first and second glass covers (W/m? K)
h,. Heat transfer coefficient between absorber plate and first cover (W/m? K)
Ry Heat transfer coefficient between working fluid and fin(W/m? K)
H, Monthly average of the daily extra-terrestrial on a horizontal surface radiation
(W/m?)
Ha Monthly average of the daily diffuse radiation (W/m?)
H, Monthly average of the daily global radiation on a horizontal surface (W/m?)
I, Flux incident on the absorber plate (W/m?)
I Monthly average of the hourly beam radiation (W/m?)
14 Monthly average of the hourly diffuse radiation on a horizontal surface (W/m?)
I, Monthly average of the hourly global radiation on a horizontal surface (W/m?)
i X)\(/)/rrlltq}%y average of the hourly extra-terrestrial radiation on a horizontal surface
J j factor
k, Thermal conductivity of the insulation (W/m K)
L Depth of the channel (m)
L Absorber plate length (m)
L, Absorber plate width (m)
L, Height of the collector (m)
L, Latitude of Guwahati, India (°)
L, Fin height (m)
m Mass flow rate (kg/s)
Nu Nusselt number
P Atmospheric pressure (Pa)
m Fluid inlet pressure (Pa)
P, Fluid outlet pressure (Pa)
AP Pressure drop due to fluid friction (Pa)
Pr Prandt] number
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Nomenclature

q, Heat loss from the top (W/ m?)

q, Overall heat loss (W/ m?)

0, Useful heat gain (W)

7 Tilt factor for beam radiation

r, Tilt factor for diffuse radiation

r, Tilt factor for reflected radiation

R Universal Gas constant (kJ/kg K)

Ra Rayleigh number

Re Reynolds number

S Absorbed radiation flux by the absorber plate (W/m?)
SH Monthly average of the sunshine hours per day (hr)
SH v Monthly average of the maximum possible sunshine hours per day (hr)
T, Ambient temperature (K)

T, Temperature of absorber plate (K)

T, Mean fluid temperature (K)

T, Temperature of Sun (K)

T Temperature of first glass cover (K)

T, Temperature of second glass cover (K)

I, Temperature of bottom plate (K)

T, Outlet fluid temperature (K)

1, Inlet fluid temperature (K)

T, Average temperature (K)

T, Temperature of sky (K)

U, Bottom heat loss coefficient (W/m? K)

U, Side heat loss coefficient (W/m? K)

U, Overall heat loss coefficient (W/m? K)

U, Top heat loss coefficient of (W/m? K)

Vi Wind velocity (m/s)

V., Average velocity of fluid (m/s)

/4 Center to center distance between two fins (m)
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Nomenclature

a, Absorptivity of plate
B Tilt angle (°)
0, Thickness of the back insulation (m)
0, Thickness of the side insulation (m)
0, Distance between the absorber plate and the first glass cover (m)
0, Distance between the first glass cover and the second glass cover (m)
g, Emissivity of absorber plate
£, Emissivity of the covers
& Emissivity of bottom plate
P Fin effectiveness
n, Optical efficiency (%)
1, Thermal efficiency (%)
n,. Exergy efficiency (%)

Fluid viscosity at the bulk fluid temperature (kg/ms)

» fluid viscosity at the heat-transfer boundary surface temperature (kg/ms)

yo¥ Diffusive reflectivity of the cover system

Density of fluid (kg/m?)
o Stefan—Boltzmann constant (W/m? K*)
(471 Transmissivity absorptivity factor
(zar) A Transmissivity absorptivity factor based on beam radiation
(zar) ; Transmissivity absorptivity factor based on diffuse radiation
T, Absorptivity losses
(T o) » Transmissivity absorptivity factor of absorber plate
T, Reflectivity losses
10} Hour angle at sunrise or sunset (°)

Hour angle at sunrise or sunset (°)
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6.2. Mathematical modeling and simulation

6.2. Mathematical modeling and simulation

The mathematical model presented in this chapter considers the optical, energy, and exergy
analysis of solar air collectors. The schematic diagram detailing the energy flow in the solar air

collectors is provided in Fig. 6.1.

Optical losses, Thermal losses,
ITJosaes Qlasm
- Useful thermal energy, @, Net useful thermal
Solar radiation, It » > : =
(Solar thermal collector) energy. Q.

v

Exergy losses,

-
E 1psses

Fig. 6.1. Schematic diagram of the energy flow in the solar air collectors
6.2.1. Optical and energy analysis
The optical efficiency (77, ) of the system relates to the total falling flux on the system (/, ) and
the total absorbed flux by the system (§) using the Equation (6.1) (Ajam et al., 2005):
Spi 6.1)
Energy analysis

An energy balance on the working fluid of the collectors at steady-state gives the useful heat

gain of the system as provided in Equations (6.2) and (6.3),

0,=mC,(T,,~T,) (6.2)
=V, Ay, (63)

The flow area for simple and finned air collectors is given in Equations (6.5).
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6.2. Mathematical modeling and simulation

Ay, =LL, (6.4)

A flo

L=LL, —L—V; LFin;, ..,0, (6.5)
The useful energy output of the collectors obtained by Equation (6.6) (Ajam et al., 2005),
0,=4,5-U4,(T,-T,) (6.6)
The collector gains the maximum possible useful energy as a result of minimum possible losses
at the surroundings if the whole collector is at the inlet fluid temperature. This maximum
possible useful energy, when multiplied by the heat removal factor (£} ), gives the useful heat

energy as given in Equation (6.7) (Ajam et al., 2005). The heat removal factor is calculated

using Equation (6.8).

0,=A4,F[S-U,(T,-T,)] (6.7)
mC, FU A

F,= l-expd ——2~ (6.8)
UA, mC,

Where F'is the collector efficiency factor and is given by Equation (6.9),

(. uY
F :(1+h—j (6.9)

e

For a simple air heater, 4, is given in Equation (6.10) (Sukhatme, 1984),

hh
h=|h +—2L_ 6.10
h,=hy,=Nuk, D, (6.11)

When there are metallic fins inside the fluid flow path, the heat transfer coefficient between
fins and fluid is also considered while calculating the heat transfer coefficient (Sukhatme,

1984), and it can be written as in Equation (6.12),
153

TH-3505_156107002



6.2. Mathematical modeling and simulation

2L, ¢, h h h
h=|h, {H A J+ el (6.12)
- Wh,, (h+hy)

(1, [(600))

P = (6.13)
L, \/ 2h;_y, / ( k0 )
hf_ﬁn:Nukf/De (6.14)
Hence, the energy efficiency of the system can be written as,
9
=_=u 6.15
nth ITAP ( )

6.2.2. Exergy Analysis:

As discussed above, the second law analysis can predict the performance of the collectors more
accurately than the first law analysis. The analysis, which is carried out considering the inlet,
outlet, stored, leaked, and destroyed exergy over solar air collectors and ambient as a reference,

gives the exergy balance equation given in Equation (6.16) (Ajam et al., 2005):
E +E, +E+E+E, =0 (6.16)
The term, rate of exergy inlet to the system, arises due to the fluid flow and the solar radiation

absorbed by the collectors and are calculated as Equation (6.17) (Ajam et al., 2005):

E, ,=mC, (Y}n—Ta -T, ln[T"” D+n‘1RTa ln(e”j (6.17)
' T, F,

T
B, p=n,0,4, (1—?1j (6.18)

The next term, rate of exergy outlet, is caused by outlet fluid flow and is given as in Equation

(6.19) (Ajam et al., 2005):
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E,, =—mC, (T ~T,-T,In (iD—mRTa In (P—] (6.19)

a a

The term stored exergy rate vanishes during the steady-state analysis of the system as there is
no accumulation of energy in the system. The leakage of exergy is due to the overall losses
from the system because of convection and radiation and can be written as Equation (6.20)
(Ajam et al., 2005):

E=-UA,(T,-T, )(1—£J (6.20)

T P

Heat transfer arises due to temperature differences, and the pressure drop due to friction in the
flow channel causes the destruction of exergy. The destroyed exergy term due to the

temperature difference between the plate and sun is given as Equation (6.21) (Ajam et al.,

2005),
E —nIAT{—l —IJ (6.21)
dAT, —  llotT a r .
14 Tp T;

The term due to temperature difference between the plate and the working fluid is given as

Equation (6.22) (Ajam et al., 2005):

. I 1
Ed,AT/. :_U,h[TAPTa (T__F} (6.22)
Jfm p

The friction in the flow channel causes a pressure drop, and thus, the exergy destroyed is given

as Equation (6.23) (Ajam et al., 2005; Sukhatme, 1984):

Ed,AP ==
P,
' (6.23)
4F,pLV,
Ap=—"""7"-"""
2D,
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F.=M Re™

(L_Lf) 0.711
0.075 3.4—L—' if Re<15000
A

0.773
0.138] 1.435 (L-L,) therwi
. . —L— olnerwise (624)
f

0.313
(L_Lf)
0.040 2.058—L— if Re<15000
f

0.408
(L_Lf )
0.033 1.394—L—‘ otherwise
’

The exergetic efficiency of the whole system can be written as Equation (6.25) and can be

found out based on the Equations (6.16) — (6.24) stated above.

mC, (Tm—ﬂn =T In (TU”’D mRT, ln(P”"’J
]:l’l X ljin
Mex =
7§ T,
4, (1_Tsj I, (I‘TJ

mAPT, . n,T, [1 1]+U1(Tp—Ta)

T (, T,

s N

=1-4(1-7,)+

(6.25)

6.2.3. Calculation of overall heat loss coefficient and heat transfer coefficients

The overall heat loss coefficient (U, ), as mentioned in Equations (6.6) — (6.9) is the

summation of top, bottom, and side loss coefficients and is given as Equation (6.26),

U=U+U,+U, (6.26)
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The heat losses from the top are the radiation and convection losses from the glass covers and

the absorber plate to the surrounding air and are given by the following equations (Sukhatme,

1984):
o(T'-T"
i—hp,cl(Tp—Tcl)+ (7,-13) (6.27)
A, [1 |
—+—-1
&, &,
olr!-1°
by (T, T, )+ (7-7:) (6.28)
,, (1 1 j
—+—-1
g, &,
G _p T —T T -T*
A__ w( 02_ a)+o-gc( cz_ Sky) (629)
P
Nuk
h_ =2 (6.30)
p—cl 51
Nuk,
h, = > (6.31)
T, =1,-6 (6.32)

The series of resistances to heat losses from the top can be represented with a single term, U, ,

known as the top loss coefficient and heat loss from the top can be written as Equation (6.33)

g,
d—v1,-1,) (6.33)

P

The bottom loss and side loss coefficients can be calculated by following relations:

U,=— 6.34
ars (6.34)
_(L+Ly) Lk, 635
' L1L25v .
157

TH-3505_156107002



6.2. Mathematical modeling and simulation

L,=6,+6,+L+0, (6.36)

The Equations (6.26) — (6.36) can be solved to find out Q,,U,.T,,T,, and 1, .

[>T p>~cl
Convection heat transfer during fluid flow

The heat transfer coefficient between the fluid and top and bottom plates can be calculated for

simple air heater configuration from the following correlation (Sukhatme, 1984):

Nu=0.0158 Re"® (6.37)
In the case of solar air heater with fins, the heat transfer coefficient can be calculated using the

following correlations, based on Reynold’s Number (Naphon, 2005)

(a) The Nusselt number correlation for the laminar region ( Re < 2300) is given as follows

WD 0.00190(Re Pr(D,/L,))""

Nu=——-=5.4+ 117
k 1+0.00563(Re Pr(D,/ L, ))"

’

(6.38)

4 (cross—sectional area of a fin channel )
D,= : (6.39)
Wetted perimeter of a fin channel

(b) At the transition region (2300 < Re < 6000), the following correlation is used to predict the
heat transfer coefficient.

% 0.14
Nu=o.116(Re%—125)Pr% [1{%) J(ij (6.40)

! My
(c) The heat transfer coefficient in the turbulent regime ( Re > 6000) can be calculated using
the following correlation:
Nu=0.018 Re*® Pr** (6.41)

The heat transfer coefficients from the top plate, bottom plate, and fins to fluid are considered

equal.

158

TH-3505_156107002



6.2. Mathematical modeling and simulation

Convective heat transfer across inclined air layers between plate and glass covers

The heat transfer coefficient between parallel plates is calculated using the following

correlation (Hollands et al., 1976):

. 1.6 + 173 *
Nu—1+1.44| 1 1708(sin1.853) | 1708 N (Racosﬁ} 1 (6.42)
Racos Racos 5830

The ‘+’ sign represents that the term should be taken into account if and only if it is positive;
otherwise, it should be taken as zero.

Convection heat transfer from glass cover to ambient

The convection heat transfer coefficient from the top glass cover to the ambient can be

calculated from the following correlation (Sukhatme, 1984):

_J
hw_Pr% pcpfanind (643)
j=0.86 Re™’ (6.44)

The wind velocity for the calculation of the Reynold’s Number is taken as the monthly average
for the humid subtropical region.

Radiation heat transfer between the absorber plate and bottom plate

The radiation heat transfer between the absorber plate and bottom plate of the collectors is,

40T
h,:la—lw (6.45)
—+—-1
(gp &y J
T +T,
7:”,:‘“71’ (6.46)
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The mean temperature of the absorber plate and the bottom plate (7, ) is assumed to be equal
to the fluid mean temperature (7}, ), as the values of the terms (7,,-7,) and (7,,—T,) are
considered to be negligible (Sukhatme, 1984).

6.2.4. Calculation of solar radiation

The heat flux falling on the tilted collectors can be represented by the following relation

(Sukhatme, 1984):

L=Ly+Lr+(1,+1, )r, (6.47)

Calculation procedure for beam radiation and diffusive radiation:

The monthly average of the daily global radiation H gzand the monthly average of the daily

extra-terrestrial radiation on a horizontal surface at a location ﬁo can be related as follows

(Gopinathan, 1988)

o B . (6.48)
H() SHmax
SH
a,=—0.309+0.539 cos L, —0.0693E, +o.290(_ ] (6.49)
SH
b,=1.527-1.027 cos L, +0.0926 E,—0.359| — (6.50)
SHmax
SHow =20 (6.51)
max 15 S .

The monthly average of the sunshine hours per day is considered for the humid subtropical
region. The monthly average of the daily diffuse radiation H. can be calculated from Eg with

the following relation (Garg & Garg, 1985):

ﬁ:o.8677—0.7365£_SH j (6.52)

H g max

160

TH-3505_156107002



6.2. Mathematical modeling and simulation

The monthly average of the hourly global radiation on a horizontal surface fg and the monthly
average of the hourly extra-terrestrial radiation on a horizontal surface Io can be related to Eg

and H, with the following relation (Gueymard, 2000):

I, B I, (a+bcos )

- —f (6.53)
g P c

£ =a+0.5b @, —Sin @, cos @, (6.54)
© sino,~o, cos o, '

The monthly average of the hourly diffuse radiation on a horizontal surface 1. can be

calculated with the following relation (Sukhatme, 1984):

7
—_— 6.55
Hd Ho ( )

The monthly average of the hourly global radiation is the summation of the monthly average
of the hourly beam and diffused radiation and is written as:

To=Iv+14 (6.56)
The monthly average of the hourly beam and diffused radiation thus found is used for

calculation of /,. The radiation absorbed by the plate can be represented by the following

Equation (Sukhatme, 1984):

Szjbl/}) (m)b +(7d7’d +(7b +7d)l”r)(‘[0{)d (6.57)
_m—l’ 6.58
Ta_l—(l—ap)pd (6.58)

I,and S is calculated by considering from 8:00 hrs (IST) in the morning to 16:00 hrs (IST) in

the evening. The calculation of energy, exergy, and optical efficiency for each hour of each
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day throughout the year will be tedious; hence 7, , and S are taken as a monthly average to

predict the whole month data.

6.3. Optimization problem formulation and solution strategy

The air collector model discussed in the previous section has been transformed into an
optimization problem that solves two air collector models, i.e., simple air collector and finned
air collector. The finned air collector model is solved for two cases of different variable bounds.
Maximizing exergy efficiency has been considered the objective of both models. The decision
variables and their bounds for both models are given in Table 6.2. The optimization formulation
for the problem can be defined as,

Maximize n,,
Subject to C,:T,>T,,
C,:T,>T,
C,:T,T

@l =@ 4

(6.59)
T,>T,
The optimization is performed using Single Phase Multi-Group Teaching Learning
Optimization (SPMGTLO) (Kommadath et al., 2016). The chosen algorithm is a recently
proposed computational intelligence technique, which has shown better performance in

computationally expensive problems.

Solution Procedure
In order to use CI techniques, the mathematical model discussed in the earlier section has been
suitably arranged for calculating the exergy efficiency. A detailed flowchart of the objective

evaluation process is given in Fig. 6.2. The model accepts a potential solution from the

optimization algorithm and checks for any constraint violation for C,and C,. The violation of

constraints is handled by assigning new values to the corresponding decision variables as given

in Equations (6.60) and (6.61).
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T =min(T,+r (T =T, )15 ). if T,>T, (6.60)

T, =min(T,+r(T"=T,), T ) if T,>T, (6.61)

In the above equations, the value of 7 is chosen randomly between 0 and 1. For each month,
the mean fluid temperature is initially assumed, and the specific heat of the fluid is calculated
from the assumed temperature value. A new mean fluid temperature is estimated using

Equations (6.2) and (6.3). This process is iteratively continued till the temperature difference
is below 107 °C. The values of Q,,U,,T,,T,, and T, are calculated by solving the Equations
(6.27)-(6.29).

In order to have a thermodynamically feasible model, the Equations (6.6) and (6.7) are also
solved simultaneously. The solution of these equations is checked for any constraint violation

for C,—C,along with any negative values of U, and Q,.Any violation stops further evaluation

of the objective, and the exergy efficiency for all the months are penalized by a penalty factor
(100 in this case). In case there is no violation, the exergy efficiency is evaluated for all the
months using the Equation (6.25). The corrected solution and the mean exergy efficiency are
returned to the optimization algorithm. This process proceeds iteratively till the termination
criteria of the optimization algorithm are met.

6.4. Problem Specifications and model validation

A schematic representation of simple and finned solar air collector is provided in Fig. 6.3. The
place of interest for this study is Guwahati, India (26.18°, 91.73°), and the elevation is 53 m.

The data for wind velocity, sunshine hours and Equation of time correction are taken in the

year 2016. The ambient temperature (7, ) and the temperature of the sun (7, ) are taken as 300

K and 4350 K, respectively.
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2 _ T New
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Fig. 6.2 Flow chart of the objective evaluation process
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Ambient - Ambient
v W
Glass Cover 2 Glass Cover 2
9 %t Glass Cover 1 9 Ii: Glass Cover 1
0, Absorber Plate 9, Absorber Plate
o =
.S .S
L & L @
= 3
2 W l‘g’l 7
Bottom Plate Bottom Plate s
% Bottom Insulation % Bottom Insulation
lesle »lesl ledle »lesl
ES=EY gl 1219 gl |
Js Is J, J T s
Flow direction Flow direction
perpendicular to the page perpendicular to the page

Fig. 6.3. Schematic diagram of (a) simple and (b) finned solar air collectors

The absorber plate (emissivity = 0.92) and fins are considered to be made of aluminum (thermal
conductivity = 200 W/m K). The Glass covers (emissivity = 0.84) are made of Plexiglass
material. Wool is considered the material of insulation (thermal conductivity = 0.05 W/m K).
The collector is tilted to an angle of 20°. The air gaps between the glass covers and the top plate

are taken to be 25 mm. The thickness of insulation is considered to be 50 mm. The length of

the collectors is considered to be constant (L,= 1 m), and the width of the collectors is fixed

by the optimum area of the collectors. A schematic diagram representing the flow of heat
energy in the solar air collectors is provided in Fig. 6.4.

All the fluid properties are calculated at mean fluid temperature, which is the average of inlet
and outlet temperatures. The required correlations for fluid property calculations are taken from
the literature (Holman, 2010). The performance and accuracy of the results obtained by solving
the energy balance equations governing the performance of the simple solar air collector system

were validated against Ajam et al. (2005) and are shown in Table 6.1.
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Direct + diffuse

e Reflection
solar radiation
T Convection heat transfer to the ambient
Glass cover 2
I Convection and radiation heat transfer between glass cover 1 and air
Transmission
Glass cover 1
Convection and radiation heat transfer between absorber plate and air
Absorber plate
Available o .
Radiation heat transfer between absorber plate and bottom plate
heat z ) ; i
Convection heat transfer during fluid flow
Bottom plate

Fig. 6.4 Schematic diagram representing heat energy flow in solar air collectors
The simulation of the current model shows a better consistency between the present results and

those reported by Ajam et al. (2005). The deviation of results in the present model is due to

accurate calculation of U, which is a function of parameters such as the temperature of the

glass covers (1 and 2), the air properties in and out of the glass covers, the ambient temperature,
the absorber plate temperature, the sky temperature, the wind speed, and the reflecting surface
properties. However, the current simulation results are more accurate than Ajam et al. (2005)
due to the fact that the useful heat gain calculated by Equations (6.2), (6.6) and (6.7) are
similar, as in Table 6.1. On the other hand, useful heat gain calculated by Equations (6.2), (6.6)
and (6.7) for parameters reported by Ajam et al. (2005) are 661.29 W, 663.35 W, and 665.21

W, respectively.
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Table 6.1 Comparison between the current simulation and results of literature for
simple air collectors

Parameters Present Model Ajam et al. (2005)
Overall heat loss coefficient (Wm?2K™!) 5.11 4.76

Outlet temperature (K) 359.84 364.40
Absorber plate temperature (K) 370.29 372.89
Glass Coverl Temperature (K) 347.03 Not reported
Glass Cover 2 temperature (K) 319.09 Not reported
s T 100
Collector Efficiency Factor, F’ 0.83 0.84
Collector Heat Removal Factor 0.81 0.79

Mass flow rate (kg s™) 0.15 0.07

Useful Heat Gain (W) [using Equation (6.2)] 640.90 660.44
Useful Heat Gain (W) [using Equation (6.6)] 641.17 Not reported
Useful Heat Gain (W) [using Equation (6.7)] 641.16 Not reported
Pressure Drop (Pa) 14.21 Not reported
Energy Efficiency 0.40 0.41

Exergy Efficiency 0.068 0.074

6.5. Results and discussion

This section discusses the results obtained on optimizing the solar air collector. The optimal
decision variables are analyzed for varying operational and environmental conditions. In

addition, the performance of SPMGTLO on solving the solar collector model is also presented.

6.5.1. Optimal solution analysis

The optimized values of decision variables along with the maximum possible yearly average
exergy and energy efficiencies determined by the SPMGTLO algorithm for both simple and

finned air collector cases, are given in Table 6.2. The decision variables are categorized as
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design and operational variables, and their corresponding bounds are provided in Table 6.2.
The optimal values are highlighted in boldfaced font. The design variables remain constant for
all the months, whereas the operational variables are dependent on solar radiation. In order to
demonstrate the influence of upper and lower bounds over the choice of finned air collector
parameters (design and operational variables), we have considered two cases (Case 1 and Case
2) for the finned air collectors in Table 6.2.

Table 6.2. Decision variables and their bounds for simple air collectors and finned air
collectors (Case 1 and Case 2)

Finned air collectors

Decision Simple air collectors Case 1 Case 2
Variables - - ;
1b ub Optima Ib ub Optima 1b ub Optima
A 2
% p () 15 5 1 5 5 1 5 5
2
5 L (m) 001 03  0.01 0.1 03 0.1 0.05 0.3 0.05
z W (m) - - - 001 025 0.01 0001 0.01 0.0016
2 Pl g - 04 08 08 04 08 04
a S, (m) 4 - - 0.002 0.005 0.005 0.002 0.005 0.002
v, (ms™) 1 10 514 1 10 1 0 7 0.77
% T (K) 300 400 343.46 300 400 343.15 300 375 33893
.§ T, (m) 300 445 345.62 300 445 34531 300 445 34594
E 0, (k) 0 3000 112693 0 3000 128237 0 3000 1303.84
<
g5 U (Wm?K") 3 10 4.51 3 10 4.55 3 10 4.49
:é; T,(K) 305 450 353.87 305 450 346.55 305 450 346.24
o
S T, (K) 303 448 336.08 303 448 330.76 303 448  330.54

1., (K) 301 446 31539 301 446 312.62 301 446 312.51

Average mass flow

rate (Kgs™) 0.26 0.30 0.095
Average flow 0.05 03 ) 1as
area (m?) : . _
Average pressure
drop (Pa) 25.08 1.96 5.84
Average Energy
efficiency (%) 37.12 42.25 43
Average Exergy
efficiency (%) 5.06 5.93 6.10
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It should be noted that in Table 6.2, the upper and lower bounds for channel depth ( L ), the fin
spacing (W), average velocity (V)), and inlet temperature ( 7;, ) are different for both cases of

finned air collectors. The quality of the upper and lower bounds concludes with optima values
on the finned solar collectors and shows that probabilistic selection on bounds can affect the

optima in many cases.

6.5.2. Effect of operational parameters on exergy efficiency

Effect of optimum plate area on collector efficiencies

As expected, heat input to the collectors increases with the collection (absorber plate) area,
thereby increasing thermal efficiency. On the other hand, a rise in temperature is observed with
heat input, which further leads to exergy destruction. Therefore, there is an optimum area
beyond which there is no significant increase in exergy efficiency. By increasing the absorber
plate area until the value of 5 m?, the exergy efficiency increases significantly. Although energy
efficiency increases with heat input, the increase in exergy efficiency is not significant beyond
5 m? for the given incident heat flux under humid subtropical climatic conditions. Hence, upper
and lower bounds were chosen as 1 and 5 m?, respectively, and the optimum collector area was

found to be 5 m?, irrespective of the type of collectors used (Table 6.2).
Effect of optimum flow area on collector efficiencies

A careful investigation into the optimized design variables reveals that simple air collectors

require a lesser depth of the flow channel ( L) than finned air collectors (cases 1 and 2) for the

same optimum collector area (4,) and optimum mean fluid temperature (7, ) (Table 6.2). A

lower flow channel depth would decrease flow area and mass flow rate, which are further due

to dominant friction losses over buoyancy forces. Lower flow channel depth and mass flow
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rate have further to be compensated by an increase in air velocity, which further increases the
heat transfer coefficient. Hence, higher air velocity is required to achieve maximum average
energy efficiency in simple air collectors, and hence, the pressure drop is significantly higher
for simple air collectors as compared to the finned air collectors (Table 6.2). Also, an increase
in heat transfer coefficient increases the heat transfer rate to the airflow, and consequently, the
maximum possible average exergy efficiency in simple air collectors is almost comparable to

finned air collectors (Table 6.2).

It is also noted that a higher optimum flow area and mass flow rate would have increased the
outlet temperature of the air in the finned air collectors (cases 1 and 2) and, thereby, increased
the mean temperature of the fluid for the same optimum collector area in both the cases. On
the contrary, the mean fluid temperature of the fluid in finned collectors (case 1) is the same as
that of simple collectors for the same inlet temperature of the fluid, and therefore, the pressure
drop is significantly lower for finned collectors (case 1) when compared to simple collectors
(Table 6.2). In finned air collectors (cases 1 and 2), fins would have resulted in an increase in
heat transfer rate and mean fluid temperature. On the other hand, the addition of fins results in
friction losses and a decrease in useful heat added to the fluid. Thus, the optimum flow depth
of the channel to the height of the fin (fin fraction), fin thickness, and fin spacing (number of
fins) is necessary to achieve higher heat transfer rates and low friction losses, which further
results in maximum possible energy and exergy efficiencies in cases 1 and 2 (Table 6.2).
Accordingly, a decrease in flow area increases fin spacing and decreases fin fraction and fin
thickness for case 2 (Table 6.2). Also, case 2 shows higher optimum yearly average energy and

exergy efficiencies compared to case 1 (Table 6.2).
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Effect of optimum fluid velocity and temperature difference on collector efficiencies

It is also noted that heat transfer and pressure drop contribute to exergy destruction.

Consequently, less temperature difference between the optimum inlet (simple air collectors:

T, = 343.46 K and finned air collectors: 7, = 343.15 K (case 1) and 7, = 338.93 K (case 2))

and outlet air temperatures (simple air collectors: 7, = 347.78 K and finned air collectors:

out

T =34747 K (case 1)and T

ot s .= 352.95K (case 2)) of the flow channel and higher optimum
pressure drop (simple air collectors: AP = 25.08 kPa and finned air collectors: 1.96 kPa
(case 1) and 5.84 kPa (case 2)) determines the maximum possible average exergy efficiency
in air collectors via exergy destruction (Equation (6.23) and Table 6.2). However, with the
optimum mass flow rate and mean fluid temperature, useful heat energy added into the fluid
for simple air collectors is less than finned air collectors (cases 1 and 2), and thereby, lesser
exergy efficiency is observed in simple air collectors (Table 6.2). It is noted that higher optimal
flow area and mass flow rate have resulted in a decrease in air velocity in finned collectors
(cases 1 and in Table 6.2), which is high enough to increase the heat transfer coefficient due to
the presence of fins. Hence, lower air velocity is required to achieve maximum average exergy
efficiency in finned air collectors (cases 1 and 2), and hence, the pressure drop is significantly
lower for finned air collectors as compared to simple air collectors in spite of the fact that fins
bring an additional pressure drop to the system (Table 6.2). As expected, a decrease in optimal

flow area increases pressure drop in case 2 finned air collectors compared to case 1 finned air

collectors (Table 6.2).

The total volume of fins beyond an optimum volume decreases the outlet temperature of the
fluid due to the high specific heat of the fin material. Hence, there should be an optimum

spacing between the fins, optimum fin fraction, and optimum fin thickness above which the
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mean temperature of the fluid does not increase. It is noted that decreasing optimal flow area

and number of fins (via spacing between the fins) decreases fin fraction and fin thickness, as

shown in the difference between the cases in Table 6.2. It is observed that 7, = 343.15 K and

1,

out

= 347.47 K for case 1 of finned collectors with the fin spacing of 0.01 m, whereas 7, =

338.93 K and 7, = 352.95K for case 2 finned collectors with the fin spacing of 0.0016 m.

out
However, case 2 finned collectors do not show any significant improvement in exergy
efficiency (6.1%) when compared to case 1 finned collector (5.93%) due to higher exergy
destruction because of higher temperature differences and pressure drop (Table 6.2). The
optimum absorber plate temperature for finned air collectors (cases 1 and 2) is lower compared
to simple air collectors due to the higher optimal useful heat energy of air in the former case.
To sum up, finned air collectors with higher optimal flow area and mass flow rate were able to
achieve maximum possible optimum thermal and exergy efficiencies compared to simple air
collectors for the same optimal collector area and mean fluid temperature due to the fact that
higher amount of useful energy is being utilized by the fluid in finned air collectors (cases 1

and 2).
6.5.3. Effect of environmental conditions on exergy efficiency

Variations of the monthly average of the hourly incident heat flux and optical efficiency

throughout the year are given in Fig. 6.5. The monthly average of the hourly incident heat flux
(1,) on the absorber plate is highest for March (668.7 W/m?) while lowest during July (505.7
W/m?) for humid subtropical climatic conditions (Fig. 6.5). This is confirmed as the rainy
season reduces the sunshine hours during July in humid subtropical climatic conditions. It is

also due to a comparatively lesser monthly average of the hourly diffuse radiation on a
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horizontal surface (E) than the monthly average of the hourly beam radiation (Z) during
March, whereas (Z) is higher during the month of July. In March, the maximum /7, (821.5
W/m?) was observed at 12.00 hrs (IST), whereas the minimum /, (237.4 W/m?) was observed

at 16.00 hrs (IST). In this study, the /, calculation (Equation (6.47)) is considered from 8:00

hrs (IST) in the morning to 16:00 hrs (IST) in the evening.
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Fig. 6.5. Variations of monthly average of the hourly incident heat flux falling on the solar air
collectors and optical efficiency of the collectors throughout the year for humid subtropical

climatic conditions
Similarly, in the month of July, the maximum 7, (595.7 W/m?) was observed at 11.00 hrs
(IST), whereas the minimum 7, (206.6W/m?) was observed at 16.00 hrs (IST). Similar to 7,
optical efficiency, which is the ratio of incident heat flux (/,) and incident heat flux absorbed
in the absorber plate (S ), is highest during February (78.5%) while it is lowest for the month
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of July (76.5%). Due to significant variations in the incident heat flux for humid subtropical

climatic conditions, efficient use of solar air collectors necessitates the optimal design and

operating parameters.

Effect of incident solar energy on collector efficiencies

Fig. 6.6 and Fig. 6.7 show the variations of monthly average energy and exergy efficiencies,

respectively, throughout the year for both types of collectors. The monthly average energy and

exergy efficiencies were calculated at optimal design and operational conditions mentioned in

Table 6.2.
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Fig. 6.6. The variations of energy efficiencies of the simple and finned (cases 1 and 2) solar

air collectors throughout the year for humid subtropical climatic conditions

As expected, finned air collectors (cases 1 and 2) showed higher energy and exergy efficiencies

than air collectors without fin case (Fig. 6.6 and Fig. 6.7). The maximum efficiency was

observed in the month of February, whereas the least efficiency was observed in the month of
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July (Fig. 6.6 and Fig. 6.7). addition of fins increased the heat transfer coefficient, which in
turn showed higher monthly average energy efficiency for finned air collectors when compared
to the case with simple air collectors (Fig. 6.6). The useful heat gain in the case of finned air
collectors is higher due to higher heat removal from the absorber plate by fins. This further
increases the monthly average exergy efficiency of finned air collectors over simple air

collectors (Fig. 6.7).
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Fig. 6.7. The variations of exergy efficiencies of the simple and finned (cases 1 and 2) solar

air collectors throughout the year for humid subtropical climatic conditions

Maximum energy and exergy efficiency is achieved in the case of finned air collectors.
(Case 2) with a yearly optimal average energy and exergy efficiency of 43% and 6.10 %,
respectively, for an optimal collector area of 5 m* and a yearly optimal average heat flux of

601 W/m? (Fig. 6.6, Fig. 6.7 and Table 6.2).
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6.5.4. Convergence and statistical analysis

The solutions determined by SPMGTLO for 10 runs determine the mean exergy efficiency of

5.93 % and 6.1 % for finned air collector cases 1 and 2, respectively. The mean exergy

efficiency for simple air collectors for 10 runs is determined to be 5.06 %. The standard

deviation (SD) is found to be in the order of 107! for the above three cases. It is evident from

the SD value that SPMGTLO is able to determine the optimal value consistently for all three

cases of solar air collectors. The convergence curve corresponding to the best run for all the

cases of air collectors is shown in Fig. 6.8.
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Fig. 6.8. Mean convergence profile for (a) Simple air collectors (b) Finned air collectors

(Case 1) and (c) Finned air collectors (Case 2)

In all of the cases, quick convergence towards the final value is observed except for finned air

collector case 2. The final solution has been obtained by utilizing only 18.4% and 18% of the

total function evaluations in finned air collectors case 1 and simple air collectors, respectively,

TH-3505_156107002
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while case 2 of the finned air collector used 70% of the total functional evaluations to reach
the final value. The experiments with many other CI techniques such as Genetic Algorithm,
Artificial Bee Colony, Grey Wolf Optimizer, and Yin Yang Pair Optimization, provided the
same optima as reported by SPMGTLO. However, SPMGTLO has shown a quick convergence
as compared to other CI algorithms, which led to the selection of SPMGTLO for the current

study.

6.6. Conclusion

An integrated mathematical model for solar-thermal energy conversion, optical, thermal, and
exergy efficiency analysis of simple and finned solar air collectors was derived for a case study
of humid subtropical climatic conditions (Guwahati, India). Maximizing exergetic efficiency
was identified as the objective function for optimization, and optimum design and operational
parameters for the preliminary stages of design of simple conventional solar air collectors and
finned air collectors for the case study were found out using a CI technique. Assumptions on
constant incident solar heat flux, constant overall thermal loss coefficient, and other heat
transfer coefficients of the collectors were relaxed in the mathematical model, and the
optimization was aimed to achieve maximum yearly average exergy efficiency in the collectors
in the case study. The proposed model was optimized using the SPMGTLO algorithm by

considering its major design and operational variables as decision variables.

The optimization strategy eliminates all the infeasible solutions using constraints on operating
conditions and making the system thermodynamically feasible. It was also shown that the
probabilistic selection on upper and lower bounds of decision variables in the optimization
procedure can affect the optima in finned air collectors (cases 1 and 2). The idea of reducing
flow area via flow channel depth to a few mm considerably increases the pressure drop, which
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was found to be even higher for simple air collectors than finned air collectors due to higher
fluid velocity in order to achieve maximum average exergy efficiency. The finned solar
collectors (cases 1 and 2) have the best exergy efficiency. However, the improvement is
relatively small, even with higher temperature differences between the fluid inlet and outlet,
due to the smaller flow area and higher pressure drop (case 2). The Maximum energy and
exergy efficiency is achieved in the case of finned air collectors (case 2) with a yearly optimal
average energy and exergy efficiency of 43% and 6.10 %, respectively, for an optimal collector
area of 5 m? and yearly optimal average heat flux of 601 W/m? for humid subtropical climatic

conditions.
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Chapter 7

Multi-objective framework for solar water collectors using

metaheuristic techniques

This chapter proposes a model to determine the optimal performance and design conditions for
a flat plate solar water collector. The model uses hourly solar irradiation data over a year for
humid subtropical climatic conditions to estimate thermal, optical, and exergy efficiency. The
proposed model has been validated with the data in the literature. Six single objective
metaheuristic techniques are used to determine the maximum exergy efficiency by optimizing
the plate area of the absorber, mass flow rate, and inlet temperature of the working fluid. Six
multi-objective metaheuristic techniques are used to evaluate the trade-off solutions between
the conflicting objectives of maximizing exergy efficiency and minimizing the area of the
absorber plate. A MATLAB-based GUI has also been provided to help determine the optimal

values of the decision variables under various scenarios.

This chapter is structured as follows. Section 7.2 provides a detailed mathematical model for
SWC. The single and multi-objective formulations and a brief comparison of selected
metaheuristic techniques are presented in section 7.3. The model validation and optimization
problem specifications are provided in section 7.4, followed by results and discussion in

Section 7.5. The chapter concludes by summarizing the outcomes in section 7.6.

7.1. Background

The viability of a solar water heater depends on the type of collector, type of storage, capital
cost, usage capacity, fuel cost, etc. The solar collector is the principal component of any solar
domestic hot water system; therefore, optimal thermal performance is essential for the solar
collector (Jadhav et al., 2020). Contrarily, the first law of thermodynamics alone does not
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provide sources of thermodynamic inefficiencies in a thermal system, and accordingly, the first
law of efficiency cannot provide the optimum thermal performance of a solar collector. Exergy
analysis of solar collectors estimates the amount of available work in all energy streams by
evaluating underlying sources of internal exergy destruction and external exergy losses to the
surroundings. Exergy analysis also provides a systematic procedure to target the
processes/components that are accountable for the deterioration of performance in the solar
collector system. This information on optimum operating parameters, location, and magnitudes
of energy inefficiencies is contributed by exergy analysis, which cannot be provided by energy
analysis, and is very useful for augmenting the overall efficiency and cost-effectiveness of a

system (Bejan et al., 1981).

Another critical issue in any solar-based energy system is to enhance the thermal performance
of solar collectors. There are innumerable experimental analyses available to appraise and
improve the performance of solar collectors. Nevertheless, these studies are time-consuming
and costlier compared to numerical analysis. On the other hand, the design of experiments
methods may not be sufficient enough to analyze and optimize the energy systems for their
better performance. The modeling of solar collectors requires rigorous knowledge regarding
both design and operational parameters, which play a significant role in system efficiency.
These complex nonlinear models are often solved and optimized using some of the advanced
optimization techniques. In this perspective, many optimization methods have been used in the
literature to accomplish this objective. Sdnchez-Bautista et al., (2015) used a mixed-integer
nonlinear programming (MINLP) model to optimally design an integrated solar collector boiler
system and minimize the total annual cost. The optimization of exergy efficiency for flat plate
solar collectors using sequential quadratic programming (SQP) was reported in the literature

(Farahat et al., 2009). Due to a high degree of nonlinearity, solar energy based system models
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often use metaheuristic techniques (MT) to optimize various design parameters. Metaheuristic
techniques are usually population-based stochastic algorithms and are highly efficient in
solving many real-life nonlinear problems. In this context, Atia et al., (2012) employed the
genetic algorithm (GA) for sizing a solar hot water system. Jalilian et al., (2016) used GA to
enhance the thermal efficiency of a solar collector with heat pipes. The particle swarm
optimization (PSO ) technique was used by Cheng et al., (2015) to optimize the optical
performance of a parabolic trough solar collector. Das, (2015) applied the simulated annealing
(SA) technique to determine thermal and physical parameters of a single-glazed solar collector
system to achieve a known thermal distribution. Another popular technique known as artificial
bee colony (ABC) was implemented to improve the thermo-hydraulic efficiency of solar air

heaters (Yildirim & Aydogdu, 2017).

Metaheuristic techniques are also popular in solving multi-objective models as their inherent
capabilities ensure that multiple simulations are not required to determine the trade-off
solutions. In the literature, a wide variety of metaheuristic techniques have been used to solve
multi-objective optimization problems when designing or analyzing the performance of solar
collector systems. Maximizing system efficiency and output power for solar dish Stirling
systems were solved using a non-dominated sorting genetic algorithm (Carrillo Caballero et
al., 2017) and multi-objective particle swarm optimization (Zayed et al., 2020). Rey &
Zmeureanu, (2018) used micro time variant multi-objective particle swarm optimization
(micro-TVMOPSO) for solar thermal combisystem considering three objectives: life cycle
cost, life cycle energy use, and life cycle exergy destroyed. Metaheuristic techniques are
stochastic algorithms and do not guarantee the global optima; hence, the use of multiple such
techniques increases the chance of getting a better optimal solution compared to the optimal

solution found by any individual metaheuristic technique. Earlier literature mostly used a single
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metaheuristic technique for single and multi-objective optimization of solar energy-based

systems.

To the best of the author's knowledge, multiple techniques to identify a better optimal solution
in the context of the design of solar collector systems have not been reported in the literature.
This chapter provides a detailed energy and exergy analysis of the thermal, optical, and
exergetic performance of flat plate solar water collectors for determining the optimum absorber
plate area and exergy efficiency for humid subtropical climatic conditions. The work by
Farahat et al., (2009) reported optimal operating parameters of flat plate solar water collectors
based on exergy analysis; however, there might be exergy errors due to (a) negligible adhesive
resistance of the solar collector, (b) constant wind speed, (¢) constant optical efficiency, (d)
constant solar irradiation, (e) assumption of inlet water temperature is same as the
environmental temperature. These shortcomings have been addressed in the present chapter. It
is also to be noted that Guwahati City, India (humid subtropical climatic conditions) has been
declared as a solar city among 60 identified cities to be developed as solar cities under the
Jawaharlal Nehru National Solar Mission of the Ministry of New and Renewable Energy,
Government of India. The probabilities of employing solar water heating collectors at
Guwahati City, India (humid subtropical climatic conditions) to convert solar radiation into

heat using actual hourly data over a year have also been discussed in this chapter.

This study also reports some of the popular and recently proposed single and multi-objective
metaheuristic techniques to determine the optimal design and operational parameters for a flat
plate solar water collector. Despite many research articles on this topic, there has been very
little understanding of the optimization problem formulation, details on decision variables,

details on constraints, optimization algorithm, etc., in the literature. This chapter addresses this
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issue by providing a detailed description of the optimization steps of the model. Maximizing
exergetic efficiency is identified as a single objective function to determine optimum
operational parameters during humid subtropical climatic conditions for a flat plate solar water
collector, whereas minimizing absorber plate area and maximizing exergy efficiency are
identified as multi-objective functions. This chapter also demonstrates the performance of the
metaheuristic techniques in determining the best solution. An optimization toolkit using
MATLAB graphical user interface (GUI) is provided to optimize the model under different
operational parameters. In short, a flat plate solar water collector is analyzed for the effects of
various design and operating parameters on their performance and is optimized using multiple

metaheuristic techniques by correcting the reported shortcomings in the literature.
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Area of absorber plate (m?)
Constant

Constant

Constant

Constant

Specific heat of fluid (kJ/Kg K)
Specific heat of air (kJ/Kg K)
Equivalent diameter of the channel (m)
Inner diameter of the tube (m)
Outer diameter of the tube (m)
Destroyed exergy rate (kJ)
Inlet exergy rate (kJ)

Leakage exergy rate (kJ)
Elevation of Guwahati (kms)
Outlet exergy rate (kJ)

Stored exergy rate (kJ)

Exergy rate due to temperature difference between the plate and working
fluid (kJ)

Exergy rate due to pressure drop due to friction in the flow channel (kJ)

Exergy rate due to temperature difference between the plate and the Sun
(kJ)

Absorbed solar radiation exergy rate by

the heater (kJ)

Inlet exergy rate with fluid flow (kJ)
Outlet exergy rate with fluid flow (kJ)

Normalizing factor
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Heat removal factor
Collector efficiency factor

Monthly average of the daily diffuse radiation (W/m?)

Monthly average of the daily global radiation on a horizontal surface
(W/m?)

Monthly average of the daily extraterrestrial on a horizontal surface
radiation (W/m?)

Equivalent radiative heat transfer coefficient (W/m? K)

Heat transfer coefficient between first cover and surrounding air (W/m?
K)

Inside wall individual fluid convection heat transfer coefficient (W/ m? K)
Heat transfer coefficient between first and second glass cover (W/m? K)
Heat transfer coefficient between absorber plate and first cover (W/m? K)
Flux incident on the absorber plate (W/m?)

Monthly average of the hourly beam radiation (W/m?)

Monthly average of the hourly diffuse radiation on a horizontal surface
(W/m?)

Monthly average of the hourly global radiation on a horizontal surface
(W/m?)

Monthly average of the hourly extraterrestrial radiation on a horizontal
surface (W/m?)

J factor

Thermal conductivity of air (W/m K)

Thermal conductivity of the insulation (W/m K)
Thermal conductivity of the absorber plate (W/m K)
Depth of the channel (m)

Absorber plate length (m)

Absorber plate width (m)

Height of the collector (m)

Latitude of Guwahati (°)
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Mass flow rate (kg/s)

Nusselt number

Pressure drop due to fluid friction (Pa)

Pressure drop due to fluid friction (Pa)

Pressure drop at the outlet (Pa)

Prandtl number

Useful heat gain (W)

Heat loss from the top (W/ m?)

Rayleigh number

Reynolds number

Tilt factor for beam radiation

Tilt factor for diffuse radiation

Tilt factor for reflected radiation

Absorbed radiation flux by the absorber plate (W/m?)
Monthly average of the sunshine hours per day (hr)
Monthly average of the maximum possible sunshine hours per day (hr)
Ambient temperature (K)

Temperature of absorber plate (K)

Mean fluid temperature (K)

Temperature of Sun (K)

Temperature of first glass cover (K)

Temperature of second glass cover (K)

Outlet fluid temperature (K)

Inlet fluid temperature (K)

Average temperature (K)
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Temperature of sky (K)

Bottom heat loss coefficient (W/m? K)

Side heat loss coefficient (W/m? K)

Overall heat loss coefficient (W/m? K)

Top heat loss coefficient of (W/m? K)

Fluid velocity (m/s)

Wind velocity (m/s)

Center to center distance between two tubes (m)
Solution from algorithm

Absorptivity of plate

Tilt angle (°)

Thickness of adhesive

Thickness of the back insulation (m)

Distance between the first glass cover and the second glass cover (m)
Distance between the absorber plate and the first glass cover (m)
Thickness of the side insulation (m)

Thickness of the absorber plate (m)

Emissivity of absorber plate

Emissivity of the covers

Emissivity of bottom plate

Optical efficiency (%)

Thermal efficiency (%)

Exergy efficiency (%)

Diffusive reflectivity of the cover system

Density of fluid (kg/m?)
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Stefan—Boltzmann constant (W/m? K*)

Transmissivity absorptivity factor

Transmissivity absorptivity factor based on beam radiation
Transmissivity absorptivity factor based on diffuse radiation
Transmissivity absorptivity factor of absorber plate
Viscosity of the fluid (kg/m s)

Hour angle at sunrise or sunset (°)

Hour angle at sunrise or sunset (°)
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7.2. Mathematical modeling and simulation

In this section, a mathematical model is proposed to determine the optical, energy, and exergy
efficiency of solar water collectors for the given solar radiation model of humid subtropical

climatic conditions.
7.2.1. Optical and energy analysis

The total falling flux on the system ( /, ) and the total absorbed flux by the system (.S') can be

related in terms of optical efficiency (77, ), which is otherwise known as the effective product

of the transmittance - absorptance of the collector system (Farahat et al., 2009)
S
=—=70 7.1
=1 (7.1)

Energy analysis:

The useful heat gain of the system at a steady state can be calculated from the energy balance

on the working fluid of the collectors using Equation (7.2),

0,=mC,(1,,~T,) (72)

The useful heat gain of the collectors can also be obtained from the difference between the

solar energy absorbed by the absorber plate and the heat losses from the collector system using
the following energy balance equation (Farahat et al., 2009)

0,=4,5-U4,(T,-T,) (7.3)

Heat removal factor ( F}) is defined as the ratio of the actual useful heat gain to the useful heat

gain if the entire collector was at the fluid inlet temperature.
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_ 0,
FR‘A,, [S-U,(T,,-T,)] 79

From the above Equation, the useful heat gain can be calculated as the product of the maximum

possible useful heat gain and heat removal factor (Farahat et al., 2009)

Qu =ApFR [S_Ul (T:n _Ta )] (7'5)
where
mC, FU,A
F,= l-expd —~ (7.6)
UIAP me
, 1
F'= (7.7)

wU, 1 - % + !
'\U[(w-D,)¢+D,] K,D, zDh,

)j g
2 where mz[ Y, J (7.8)

n,= Q, (7.9)

7.2.2. Calculation of overall heat loss and heat transfer coefficient:

The heat loss from the top of the collector can be defined using the top loss coefficient (U, )

Z—’:U,(Tp -T,) (7.10)

P
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The overall heat loss coefficient (U, ), as given in Equation, (7.11) is the combined contribution

of the top, bottom, and side loss coefficients.

U,=U,+U, +U,

(7.11)

The bottom loss and side loss coefficients can be determined using the following relations.

o (LtL) Lk,
’ L1L253

L=6,,, +5p_c1 +L+0,

(7.12)

(7.13)

(7.14)

The radiation and convection losses from the glass cover and the absorber plate to the

surrounding air contribute to heat losses from the top of the collector and are given by :

=, . (T,-T,

—r A AN
A ‘p—l P cl)
P i_}_i_l
£, &

q
A_;:hcl—CZ (Ta -

ql 4 4
—+Y=h \T -T |+oc (T -T.
Ap W ( [ a) c ( (&) SkJ’)
_ Nuk,
s
g é‘p—cl
Nuk
hL'l*CZ :5—‘1
cl-c2
Tvky = Ta - 6
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The Equations (7.10) - (7.20) along with Equations. (7.2) - (7.3) can be solved to determine Q,
U,,T,,T,,and T,. The local heat transfer coefficients described in Equations (7.15)-(7.17) can

s %cl

be calculated using the following correlations
Convective heat transfer across inclined air layers in between plate and glass covers

The heat transfer coefficient between parallel plates is calculated using the following

correlation (Hollands et al., 1976):

J 16 * 1/3 *
Nuclolda| ( 1708(inl 8B)° I, 1708 | (RacosﬁJ * (721)
Racos Racos 5830

The term indicated by ‘*’ should be taken into account if and only if it is positive; otherwise,

it should be taken as zero.
Convection heat transfer from glass cover to ambient

The following correlation (Sukhatme, 1984) can be used to calculate the convection heat

transfer coefficient from the top glass cover to the surrounding

_J
h, = 5% PC, Vi (7.22)
j=0.86Re™*’ (7.23)

Reynolds Number is calculated using wind velocity as the monthly average wind velocity.

7.2.3 Exergy Analysis:

The exergetic efficiency of the solar collector based on the second law of thermodynamics can

be given as
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(7.24)

T (T] (TW,—TWJ
, In| o || Lou~lin
+UI(TP_Ta)(1 THLmCPT” il il

1.4
Lt A [
T T,

The following exergy balance equation, which considers the inlet, outlet, stored, leaked, and

destroyed exergy over solar water collectors and environment, serves as the basis for the

determination of exergy efficiency as given by Equation (7.24) (Farahat et al., 2009)
E +E +E +E+E,=0 (7.25)
The rate of exergy inlet to the system can be determined using the fluid flow (E'?m,f ), and the

absorbed solar radiation by the collectors (E 0)

in,

o,

a

£, =mC, (Y:n—n -1, ln[?—}}ﬂ (7.26)

. T
E,,=n1.4, (1—7“] (7.27)

N

The rate of exergy outlet (Enut,f ), can be calculated for the outlet of fluid flow using

E,,  =—mC, (T—T T ln(T—D—ﬂ (7.28)
,_ ;

As there is no accumulation of energy in the system at a steady state, the term stored exergy
(ES) rate becomes zero. The total losses due to convection and radiation components of the
system can be accounted to the leakage rate of exergy ( E, ) and are given as:

192

TH-3505_156107002



7.3. Optimization problem formulation and solution strategy

: T,
E=-UA,(T,-T, )(I_FJ (7.29)

)
Exergy destruction accounts for the heat transfer and the pressure drop due to temperature
differences and friction in the flow channel. The destroyed exergy terms due to (i) temperature
difference between the plate and the Sun and (ii) temperature difference between the plate and

working fluid are given in Equation (7.30)-(7.31).

. 1 1
Ed,ATS ==, A,T, {___J (7.30)
P Tp Tv‘
- . T:m ]:mt _7—;11
Ed'rf :—meT; (Zﬂ (T—t]—(T—)] (731)
in 2

The exergy destroyed due to pressure drop caused by friction in the flow channel is given as:

[l
g m
Eypp=— : 732
e P 7:;”:_7;” ( :
1284,L,V,
Ap=—"Hrs (733)
7D,

7.3.  Optimization problem formulation and solution strategy

In this section, the proposed model for the solar water collector has been transformed into an
optimization formulation. Optimization formulation can be used to determine the optimal
design and operational parameters for maximizing the exergy efficiency and studying the trade-

offs between maximizing the exergy efficiency and minimizing the area of the absorber plate.
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7.3.1. Single objective solution strategy
The single objective optimization problem for maximizing the exergy efficiency is defined as

Maximize n,,
sit. 1,>T,; T,>T,

62; cl’. T;'l’ Tp>T;1
0.001<m<0.02; 1<4,<5; 300<T, <350; (7.34)
0<0,<5000, 3<U,<10; 30557, <450,

303<T,, <448; 301<7,,<446, 4174<C, <4250,

T,

c2’

In a typical solar water collector, the absorber plate has the highest temperature, followed by
glass covers. The temperature of the topmost glass cover should be higher than the ambient
temperature. These conditions are modeled as three constraints, which ensure that the
thermodynamic constraints of the model are satisfied. The single objective formulation
constitutes nine decision variables whose bounds and the associated constraints are given in

Equation (7.34).

Single objective metaheuristic techniques

Metaheuristic techniques are stochastic population-based iterative optimization techniques that
are inspired by natural or physical phenomena. Classical optimization algorithms are designed
to solve specific types of problems, such as linear programming (LP), nonlinear programming
(NLP), mixed-integer nonlinear programming (MINLP), etc., and require problem information
before being used. This limitation can be overcome by the metaheuristic approach, where a
group of solutions searches for the optima in the entire search space. Metaheuristic techniques
start with a pool of potential solutions known as the population, and its objective function value
indicates the quality of each solution. These techniques follow a set of rules to explore the
search space and adopt some selection criteria to identify solutions with better objective
function values to use for the next iteration. Most of the metaheuristic techniques are designed
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to consider the optimization model as a black box, as shown in Fig. 7.1, and on that account,
the user needs to model the system appropriately, considering all the phenomena involved in
the system. In such a case, the objective function accepts the solution and returns only the
objective value, which identifies the merit of the solution (Fig. 7.1 (a)). In many real-time
problems, the objective function is designed to work within model boundaries and incorporate
some internal corrections to the solutions. In such scenarios, the corrected solution and the
objective value are to be reported to the metaheuristic techniques, as shown in Fig. 7.1 (b). The

solution procedure used in this study is given in the following section.

Solution
@) Meta’he‘uristic > Ob_iecj[ive
techniques < function
Objective value
Solution
) M etahepri stic > ij ecj[ive
techniques < function

Corrected solution and
its objective value

Fig. 7.1. Interaction between metaheuristic techniques and objective function

(a) without correction (b) with correction
Solution procedure for single objective metaheuristic techniques
In metaheuristic technique optimization formulation, the procedure for calculating the exergy
efficiency is presented in an objective function. The optimization algorithm provides a potential
solution to the objective function that constitutes all the decision variables. The solution is

checked for any constraint violation in the temperature of the first glass cover (7,), and

temperature of the absorber plate (7, ) as given in Equation (7.34).
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Pseudocode for the solution procedure

Initialize all input parameters

Accept the values of m , 4,,T,,0,,U,,T,,1,,T,and C,from the optimization algorithm

[27P>7cl>™c2
if T, violates constraint in Equation (7.34)
Change T, using Equation (7.35)
end if
if T, violates constraint in Equation (7.34)
Change 7, using Equation (7.36)
end if
for month =1 to 12
Determine the monthly average I, and S for the given wind velocity (V) using solar
radiation model
Solve Equation (7.2), (7.3) and (7.15) - (7.17) to determine Q,, U, ,T,,T,,, T, while
satisfying fluid property calculations at an average fluid temperature

if (0,<0)v(U,<0)
Assign least exergy efficiency for all months
break
elseif T,,T,,T ,violate constraints in Equation (7.34)
Assign least exergy efficiency for all months
break
end if
Determine exergy efficiency using Equation (7.24)
end for
Determine mean exergy efficiency for all months

return mean exergy efficiency and values of m ,4,,7,,,0,,U,,T,,T,,T ,and C,

Any violation of these constraints is corrected by assigning new values to the corresponding

decision variables as given by equations Equation (7.35) and Equation (7.36).
Ty=min(T,+r (T3 =T,). T4 ). if T, >T, (7.35)
Tp=min(7;1+r(T;b—Tp),T;b),if1;1>Tp (7.36)
In these equations, r is a random number chosen between 0 and 1. The values of Q,,U, ,T,,T,
and 1, are calculated by solving the Equations (7.2), (7.3) and (7.15) - (7.17), while satisfying
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fluid property calculations at an average fluid temperature. The obtained values are checked
for any thermodynamic constraint violation as given in Equation (7.34). In case of any
constraint violations in the model parameters, the exergy efficiency for all the months is
penalized by assigning a small exergy efficiency value. In the absence of any constraint
violation, the exergy efficiency is calculated for all the months using Equation (7.24). The
values of all decision variables and the mean exergy efficiency are returned to the optimization
algorithm. This process proceeds iteratively until the termination criterion of the optimization
algorithm is satisfied. The pseudocode of the objective function evaluation process provided in

this section details the solution procedure.

7.3.2. Multi-objective solution strategy
One of the desired objectives for a solar water collector is to reduce the absorber plate area for
maximum exergy efficiency. In this chapter, a multi-objective solar collector model

considering maximizing exergy efficiency (77, ) and minimizing the absorber plate area (Ap)

are solved as two objectives. The optimization formulation is given below.

Maximize 1,
Minimize A, (7.37)
sT 1.>T,; T,>T,; 1,7T,T,>T,

cl’ cl’®c22% p

The decision variables and their operating ranges are the same as those of the single objective

optimization formulation in the previous section.
Multi-objective computational intelligence techniques

Multi-objective optimization problems (MOOP) consist of two or more objective functions that

are conflicting in nature. Instead of a single optimum solution, the solution of MOOP results
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in a set of solutions that depicts the trade-off between the objective functions. These non-
dominated solutions constitute the Pareto front, which are not dominated by any feasible point
in the search space. Formally, a solution X} is said to dominate another solution X2 only if (a)
all objectives of X are not worse than X2, and (b) at least one objective function of X; is better
than that of X>. Metaheuristic techniques utilize several methods to determine the Pareto-
optimal solutions such as non-dominated sorting and crowding distance(Deb et al., 2002),

epsilon-domination (Deb et al., 2002), the weighted average of objectives (Deb, 2001), etc.

Solution procedure for multi-objective metaheuristic techniques

The solution procedure for multi-objective optimization is similar as discussed in the single-
objective case. In this case, the optimization algorithm requires two objective function values
from the objective model instead of one, as in a single objective model. A flowchart for the

multi-objective evaluation is given in Fig. 7.2.

Objective function

Solution (X)

> Receive the solutdon from
multi-objective algorithm

v

Multi-objective Determine mean exergy efficiency using

metaheutistic technique the pseudocode given in section 3.1.3

v

Return 7, Ap and soluton

Soludon (X),
All objective values

Fig. 7.2. Flow chart representing optimization of solar water collector model using

multi-objective metaheuristic techniques
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The initial step is to receive the solution provided by the multi-objective metaheuristic
technique from the multi-objective solar collector model. The model determines the mean
exergy efficiency as per the pseudocode given in Section 7.3.1. Unlike in the case of single-

objective optimization, the model returns the solution values along with two objective function

values 7,.and 4, to the multi-objective metaheuristic technique. The optimization process is

continued until the termination criterion of the selected multi-objective metaheuristic

techniques is satisfied.
7.4. Problem specifications and model validation

This study is conducted in humid subtropical climatic conditions. The longitude, latitude, and
elevation of Guwabhati are 26.18°, 91.73°, and 53 m. The Equation for time correction, wind
velocity, and sunshine hours is considered for the year 2018. A double glass glazing flat plate
solar collector is used in this study. The schematic of the solar water collector model is given

in Fig. 7.3.

The ambient temperature (7, ) and the temperature of the Sun (7)) are considered as 300 K,

and 4350 K. The Absorber plate with an emissivity of 0.92 is made up of aluminium (thermal
conductivity = 200 W/m K). The thickness of the absorber plate is considered to be 0.002 m.
The Glass covers are made of Plexiglass material with an emissivity of 0.84. Bottom and side
insulations are made up of wool with a thermal conductivity of 0.05 W/m K. The tilt angle of
the collector is 20°. The air gaps between the glass covers and the top plate are taken to be 0.04
m. The bottom and side insulation thickness is considered to be 0.08 and 0.04 m, respectively.

The center-to-center tube distance and the inner diameter of the pipes were considered to be

0.15 m and 0.04 m. The length of the collectors is considered to be constant ( L, =1 m), and the
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width of the collectors is fixed by the optimum area of the collectors. The adhesive resistance
of the solar collector is taken as 1.2 m?> K/W. All the fluid properties are calculated at the
average fluid temperature. The required data for fluid property calculations are taken from the

literature (Holman 2010) and are given in Table 7.1.

Sy

< > U I
< > <€ L >

‘Ss L, 6s

@ - Glass Cover 2 @ - Absorber Plate @ - Tubes @ - Bottom Insulation
@ - Glass Cover 1 @ - Bottom Cover @ - Side Insulation

Fig. 7.3. Schematic diagram of solar water collector

The solar water collector model presented in this chapter is validated against (Farahat et al.,
2009), and the results are in good agreement (Table 7.1.). The optimization model is nonlinear
and consists of nine decision variables, six implicit constraints, and three explicit constraints.
The current solar water collector model uses 32 equations to determine the mean exergy
efficiency. It is implemented in MATLAB 2019a on a PC with an Intel i7@3.4GHz processor
and 16 GB of RAM. The stochastic nature of metaheuristic techniques requires multiple runs
under identical resource constraints for their performance evaluations. In this chapter, 25

independent runs are executed by utilizing the 'twister' algorithm available in MATLAB and
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varying its seed from 1 to 25. The population size and termination criterion for all the
metaheuristic techniques are set as 30 and 200 functional evaluations, respectively. All other
algorithmic parameters are used as provided in the codes given by respective authors. Apart
from determining optimal parameters for maximum mean exergy efficiency, the model also
investigates the effect of absorber plate area on exergy efficiency using a multi-objective

optimization model.

Table 7.1. Comparison between the current simulation and results of literature for
solar water collector

Parameters Present Model (FI;;;ehr:t‘u;rteall\fozc(i)eolg)
Fluid inlet temperature (K) 300 300
Incident solar ener r unit area of th
abcscjlrel:)erspolatei\; iy 21;6 | 500 o
Wind Speed (m s™) 25 25
Overall heat loss coefficient (W m2K™!) 4.5660 4.6797
Outlet temperature (K) 359.47 358.8248
Absorber plate temperature (K) 340.17 339.4307
Glass Coverl Temperature (K) 323.86 Not reported
Glass Cover 2 temperature (K) 304.85 Not reported
Absorber Plate Area (m?) 9.14 9.14
Specific Heat Capacity (J/kg K) 4179.23 4180.4
Fluid Density (kg/m?) 984.66 982.2709
Plate Effectiveness 0.9902 0.9943
Collector Efficiency Factor 0.9061 09114
Collector Heat Removal Factor 0.5633 0.5573
Mass flow rate (kg s™) 0.0087 0.0087
Useful Heat Gain (W) [using Equation (7.2)] 2162.35 2139.4
Useful Heat Gain (W) [using Equation (7.3)] 2162.35 Not reported
Useful Heat Gain (W) [using Equation (7.5)] 2162.35 Not reported
Pressure Drop (Pa) 0.0010 0.0011
Energy Efficiency 0.4732 0.4681
Exergy Efficiency 0.0446 0.038
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7.5. Results and discussion

This section discusses the single objective and multi-objective optimization solution for the
solar water collector. A study is performed to test the effect of operational and environmental
parameters on exergy efficiency. This section also analyses the performance of the algorithms

in solving the optimization model.
7.5.1. Optimal solution analysis

The ambient and design conditions of the solar water collector required for the optimization
analysis are mentioned in Section 7.4. The optimal values for maximum mean exergy
efficiency are determined by the following algorithms using a single objective solar collector
model: SHTS, SHO, WCA, DNLPSO, MPEDE and GA. The optimal values of independent
and dependent optimization parameters, which are mentioned in Table 7.2, are determined

using SHTS, SHO, WCA, DNLPSO, MPEDE, and GA for the given values of ambient and

design conditions. As an example, WCA reports the following optimum values: 77, = 5.926%,

A, =52 m =0.02kgfs, T, =341.13 K,T, = 354.07 K, T, = 336.12 K, T,,= 31492 K, U,

> Tcl

=4.20 Wm’ K, Q,=1205.81 W/m*, C =4189.75 J/kg K. The best solution is determined by

WCA, DNLPSO, and MPEDE using the maximum available absorber plate area.

Since reducing the absorber plate area is a desirable choice in solar collectors, separate
optimization simulations are carried out to investigate the exergy efficiency corresponding to
the minimum absorber plate area. The results of the simulations considering minimizing plate
area as the objective function are also given in Table 7.2. The optimal objective value
determined by all the algorithms is highlighted using the boldfaced font. The results determined

by SHTS and SHO suggest a decrease in exergy efficiency with minimum absorber plate area.
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Table 7.2. Results of single objective optimization

Objective: Maximize 77,

Objective: Minimize 4,

SHTS SHO WCA DNLPSO MPEDE  GA SHTS SHO WCA DNLPSO MPEDE GA
m 0.02 0.0166 0.02 0.02 0.02 0.0194 | 0.0114 0.0151 0.0179  0.0167 0.0085  0.0087
4, 5 4.61 5 5 5 4.75 1 1 1 1 1 1
in 339.46 33993 341.13  341.01 341.13  341.49 300 300 350 350 350 349.24
0, 1237.03 1115.63 1205.81 120790 1205.66 1142.16 | 409.35 413.15 21395 21348  207.01 210.53
U, 4.19 4.20 4.20 4.20 4.20 4.20 431 4.34 4.52 4.52 4.53 4.52
T, 35274 353.78 354.07  353.98 354.08 35422 | 313.64 312.70 35630  356.39 357.65  356.96
T, 335.15 335.89 336.12  336.05 336.12  336.22 | 307.73 307.11 337.20  337.27 338.18  337.68
T, 31443 31478 31492  314.89 31493 31496 | 301.26 301.01 31450 314.54 31497 314.74
C, 4188.32 4189.38 4189.75 4189.65 4189.75 4189.93 | 4174.73 4175.74 4192.42 419249 4193.46 4192.93
Mox 0.05921 0.05911 0.05926 0.05926 0.05926 0.05922 | 0.01023 0.00794 0.05528 0.05525 0.05479 0.05505
Mt?r?e?sI;U 37.25 21.73 31.96 29.32 28.13 35.80 35.99 23.02 26.48 24.8 27.37 30.88
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Table 7.3. Corner Solutions of the Pareto fronts

o AT o U T, z T

) in cll

o C, Maxn, Min4, Mean CPU time (s)

0.0036 1 34137 22407 4.50 35431 335.77 313.82 4190.28 0.05556 1
MOGA 30.43
0.0189 4.60 341.26 1109.26 4.21 354.02 336.06 314.87 4189.71 0.05919  4.60

0.0198 1 34423 23998 446 351.14 333.50 312.73 4187.24 0.05611 1
MODE 27.9
0.0176 4.31 340.66 1047.50 4.21 353.55 335.71 314.67 4189.21 0.05911 4.31

0.0089 1.00 34232 24041 4.46 351.08 333.46 312.72 4187.14 0.05609  1.00
FYYPO 56.12
0.0195 4.82 341.61 115520 4.20 354.38 336.34 315.03 4190.09 0.05923  4.82

0.0200 1 350  214.62 4.52 356.16 337.11 314.46 419231 0.05532 1
MSSA 34.8
0.0194 4.44 34021 1094.56 4.20 352.77 335.15 31440 4188.40 0.05914 4.44

0.0141 1 343.19 24193 4.46 350.75 333.22 312.60 4186.85 0.05611 1
MALO 30.98
0.0194 4.44 34021 1094.56 4.20 352.77 335.15 31440 4188.40 0.05914 4.44

0.0168 1 34422 238.86 4.47 35136 333.66 312.81 4187.46 0.05611 1
MOWCA 31.19
0.0200 5 341.16 1205.08 4.20 354.10 336.14 31494 4189.78 0.05926 5

204
TH-3505_156107002



7.5. Results and discussion

On the other hand, the solutions determined by WCA, DNLPSO, MPEDE, and GA suggest
only 7 % decrease in best mean exergy efficiency by reducing 80% of the absorber plate area.
Conducive to decide on the relation of mean exergy efficiency with the absorber plate area, a
multi-objective optimization is performed, and the results are tabulated in Table 7.3. The corner
points of a Pareto front represent the solutions that are best at one objective function and the
worst at the other objective function. The corner points and the corresponding solutions

determined by all the considered algorithms are provided in Table 7.3.

The corner point representing the minimum absorber plate area (best value) and minimum
mean exergy efficiency (worst value) of MODE, MALO, and MOWCA are the same and
dominates the corresponding corner point determined by MOGA, FYYPO, and MSSA. The
corner point corresponding to maximum mean exergy efficiency and the maximum absorber
plate area reported by all algorithms are non-dominating with each other. The corner points
reported by MOWCA are either better or non-dominating to all other corner points, and it

represents the best solution in accordance with the maximization of mean exergy efficiency.
7.5.2. Effect of operational parameters on exergy efficiency

Fig. 7.4 shows the trend of mean exergy efficiency (7, ) as a function of design and operational
conditions such as mass flow rate of fluid (), inlet fluid temperature (7;, ), absorber plate
area ( 4,), absorber plate temperature (7, ) and glass cover temperatures (7, and 7,,) for other

constant optimal values, as reported by the WCA algorithm. Variation of exergy efficiency

(7, ) is presented to a range of upper and lower bound values of design and operational
conditions, within which 77, reaches a maximum value. The calculated values for the maximum

n.are: 4,=35 m?, m =0.02 kg/s, T, = 341.13 K, as reported by the WCA algorithm.
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0.07 (a) 0.07 (b) 0.07 (c)
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5004f 5 0.04 LS00dr
0.03f * 0.03 0.03
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Mass flow rate (Kg/s) Area of absorber plate (m?) Inlet fluid temperature (K)
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Temperature of glass cover (K) Overall heat loss coefficient (W/m? K)

Temperature of absorber plate (K)
Fig. 7.4. Effect of operational parameters on exergy efficiency (a) mass flow rate, (b) area of absorber plate (c) fluid inlet temperature, (c) absorber
plate temperature, (d) glass cover temperatures, and (f) total heat loss coefficient
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It is observed that an increase in m , 4, or T, above, the optimal values reported by WCA does
not improve 77, while keeping other decision variables at the reported optima. It is noted that

decreasing m below the value of 0.02 kg/s shows a very subtle decrease of 77, until 0.006 kg/s.

There is a sensible change of 77, below 0.006 kg/s, and the value of 77, approximately varies

between 1.7 - 5.35 % for m =0.001 - 0.006 kg/s (Fig. 7.4 (a)), which allows the user to optimize
the solar water collector based on other design constraints and thermal applications.

Fig. 7.4 (b) shows the variations of 77, versus 4, . An increase in A4, greater than 5 m? shows a
slight increase in7,, . Thereafter, 7, starts decreasing with an increase in 4, . Fig. 7.4 (c) shows
the effect of 7,, on 7, . It is observed that7, increases with 7, until the value of 7, =341.13 K

and then decreases abruptly (5.926% - 2.5%). This higher T, can be achieved either by a waste

heat recovery system or by increasing the storage water temperature for a particular time period

in a closed circuit solar water collector system.Increasing 7; beyond 341.13 K decreases 77,
due to higher exergy destruction during inlet fluid flow. Fig. 7.4 (e-f) shows the effect of T,
T,, T,and U,on n,. As expected, an increase in these parameters leads to no observable

change in 77, for other constant optimal values.

7.5.3. Effect of environmental conditions on exergy efficiency

In this study, the calculation of 7, is considered from morning 8:00 hrs (IST) to 16:00 hrs
(IST) in the evening. Variations of the monthly average of the hourly incident heat flux (/)
and optical efficiency (77, ) throughout the year are calculated to determine mean exergy
efficiency (7, ). The month of March and July shows higher (668.7 W/m?) and lower
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(505.7W/m?) monthly average of the hourly incident heat flux (7, ) on the absorber plate for

humid subtropical climatic conditions. Lesser heat flux during the month of July is due to the

rainy season, which reduces the sunshine hours and increases diffuse radiation (/, ) in humid

subtropical climatic conditions. Optical efficiency is the highest during February (78.5%) while

it is the lowest for July (76.5%).

Fig. 7.5 shows the trend of mean exergy efficiency (77@[) as a function of environmental
conditions such as ambient temperature (7, ), wind velocity (¥, ), incident solar heat flux
(1), and optical efficiency (77,) for other constant optimal values as reported by WCA
algorithm. An increase in 7, shows a sensible decrease (5.926% to 5.04%) in 7, for other
constant optimal values as reported by the WCA algorithm (Fig. 7.5 (a)). Increasing V,, ,
shows a marginal decrease of7, from 5.97 to 5.43% (Fig. 7.5 (b)). Fig. 7.5 (c) shows the
variations of 77, with respect to I, . By increasing 7, from 500 to 1000 W/m?, the exergy
efficiency increases from 5.1% to 8.13%. Fig. 7.5 (d) shows the effect of 77, on7, . By

increasing 77, from 50 to 100 %, 7, increases from 2.45% to 9.05%.

7.5.4. Convergence and statistical analysis

The performance of metaheuristic techniques can be analyzed using the convergence profile
and the statistical parameters in the case of single-objective optimization. The performance of
multi-objective algorithms is evaluated by observing the spread and closeness of determined
non-dominated solutions against global Pareto solutions. The following section discusses the
results obtained by all metaheuristic techniques for both single and multi-objective

optimization of the solar water collector model.
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Fig. 7.5. Effect of environmental conditions on exergy efficiency (a) ambient temperature, (b) wind speed, (¢) incident solar heat flux, and

(d) optical efficiency
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Single objective optimization

The statistical table representing the best, worst, mean, median, and standard deviation of the
results reported by each algorithm for maximizing mean exergy efficiency in all the runs is
provided in Table 7.4. The best value under each statistical parameter is highlighted with
boldface font. It is evident from Table 7.4 that the performance of WCA is superior compared
to all the other algorithms in every statistical parameter. It should be noted that the best and
median statistics of WCA are the same value, and the mean value is also close to the reported
best objective function value, which further indicates that WCA determined the optima in most
of the runs. Apart from WCA, DNLPSO and MPEDE also determine the optimal solution in at
least one run. On comparing the standard deviation of each algorithm, it is found that SHO
determined the worst value. Likewise, the mean objective function value of SHO is also worse
among the other algorithms, and thus the overall performance of SHO on determining the
maximum mean exergy efficiency is not satisfactory. Even though the mean and median values

reported by SHTS is better than GA, GA provided better values than SHTS in all other

statistics.
Table 7.4. Statistical analysis for single-objective optimization
Objective: Maximize 77, Objective: Minimize 4,
Algorithms

Best Worst Mean  Median SD Best Worst Mean Median SD

SHTS 0.05921 0.05801 0.05889 0.05892 2.40E-04 1 1 1 1 0

SHO 0.05911 0.05691 0.05844 0.05865 5.90E-04 1 1 1 1 0

WCA 0.05926 0.05913 0.05925 0.05926 2.00E-05 1 1 1 1 0
DNLPSO  0.05926 0.05887 0.05917 0.05921 9.00E-05 1 1.25 1.01 1 0.05

MPEDE 0.05926 0.05904 0.05923 0.05924 4.00E-05 1 1 1 1 0
GA 0.05922 0.05842 0.05887 0.05887 2.20E-04 1 .36 1.03 1 0.09
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Fig. 7.6. Convergence curve of the best run for maximization of mean exergy efficiency
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211



7.5. Results and discussion

The convergence obtained by each algorithm for their best solution is represented in Fig. 7.6,
where the x-axis represents the function evaluations, and their corresponding best value of
mean exergy efficiency is given on the y-axis. All the considered algorithms are based on
minimizing an objective function, and the maximization of mean exergy efficiency is
calculated by multiplying with (-1). The following inferences are depicted from the
convergence plots: Among all the algorithms considered, SHO converges quickly to the final
solution; however, it is not able to determine the best solution. SHTS converges to a sub-
optimal solution within 25% of the maximum function evaluations and do not show any further
improvement. A similar trend of convergence is shown by SHO, while the final solution
reported by SHTS is better than SHO. DLNPSO and WCA are able to determine the optimal

solution using slightly more than 25% of the function evaluations.

MPEDE also reports the optima by utilizing almost 75% of the functional evaluations.
Considering all the algorithms, GA shows poor convergence and is not able to converge even
after completing the termination criterion. The mean CPU time for determining the single
objective solution for each algorithm is given in Table 7.2. Among all the algorithms, SHO is
the fastest, whereas SHTS is the slowest in determining the optima. The statistical results for

the single objective case with minimizing the absorber plate area are given in Table 7.4.

The best, worst, mean, median, and standard deviation values are the same for all algorithms
except DNLPSO and GA, which indicates optimal solution determination in all the runs. The
mean values of DNLPSO and GA state the determination of suboptimal solutions in at least
one of the runs. The convergence of the best solution determined by each algorithm for the

objective of the minimum absorber plate area is shown in Fig. 7.7.
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All the algorithms are able to converge within the termination criterion. All algorithms expect
DNLPSO and GA show quick convergence and reach the final solution within 25% of the

functional evaluations.

Multi-objective optimization

The global Pareto of any real-time problems is determined by selecting the non-dominated
solutions from the set of Pareto solutions reported by all the algorithms. Fig. 7.8 represents the
Pareto obtained by each algorithm along with the non-dominated solutions determined in all
the runs and the global Pareto of the problem. It is evident from Fig. 7.8 that the Pareto front
of MOWCA and MOGA overlapped with the global Pareto front. It implies that most of the
non-dominated points determined by MOWCA and MOGA are present in the global Pareto.
All other algorithms, except MOWCA, are not able to determine the corner point corresponding

to maximum mean exergy efficiency (with maximum absorber plate area).

On analyzing the convergence of the obtained Pareto to the global Pareto, the performance of
MSSA is not satisfactory. The mean CPU time of MODE is observed to be the lowest among
all, whereas FYYPO consumes more time in determining non-dominating solutions. The
convergence of Pareto solutions with respect to 50, 100, 150, and 200 function evaluations
determined by MOWCA for the best run is provided in Fig. 7.9. It is evident from Fig. 7.9 that
MOWCA improves the convergence of non-dominated solutions with an increase in function
evaluations. The corner solution representing the minimum absorber is obtained within 75 %
of the function evaluations. The number of solutions in the region indicating minimum area
(minimum mean exergy efficiency) is lesser than the region representing maximum mean

exergy efficiency (maximum absorber plate area).
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Optimization toolkit

The implementation of a mathematical model into an optimization simulation environment is
challenging for many users. The final solution of such an optimization problem requires
modeling and simulation of all the equations into an objective function and using it
appropriately for optimization algorithms. It also requires good proficiency in simulation
software. In this regard, a GUI-based toolkit is highly beneficial in reducing user difficulties in
determining the optimal solution. One of the essential benefits of such toolkits is demonstrating
the sensitivity of the model with varying operational and design conditions using minimal
knowledge of model or software components. An optimization tool kit using MATLAB GUI
is developed in this study, and the interface is given in Fig. 7.10. The initial interface of the
GUI provides the bounds for nine decision variables used in this study, a schematic of the solar
water collector model, and a choice of different metaheuristic techniques for both single and

multi-objective optimizations.

The toolkit provides the benefits of changing the (a) operational bounds, (b) model parameters,
(c) selection of single or multi-objective model, (d) optimization using one or more
metaheuristic techniques, (€) termination criterion, and (f) number of simulations. The model
parameters used for this toolkit are provided in a Microsoft spreadsheet. The model parameters
can be easily accessed and modified by clicking the ‘Change model parameters’ button. The
'Start’ and 'Stop’ buttons are used to initiate or terminate the simulations. The 'Reset’ button
sets all the model parameters to the default values, as displayed in the initial GUI interface. On
completion of the optimization, the single objective model of the GUI displays the results, such
as the convergence curve corresponding to the best run and best optimal solution among all

simulations.

217
TH-3505_156107002



7.6. Results and discussion
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In the multi-objective optimization scenario, the panel displays a plot for Pareto solutions
obtained by each algorithm along with the global Pareto front and corner solutions for
determining the global Pareto front. All the figures displayed in the panel for different
optimization criteria are saved into a jpeg format for future analysis by the users. Apart from
displaying the optimal solutions, the GUI also saves the solutions/Pareto solutions and
statistical analysis results/corner solutions determined by all the algorithms for single/multi-
objective optimization into a spreadsheet. If required, the users can also perform an additional
analysis using all simulation results, which are saved using MATLAB compatible 'mat' file
format. A snapshot of different optimized results obtained from the tool kit is given in

Appendix 1, and the toolkit can be accessed from https://bit.ly/3dy5pde

7.6. Conclusion

An exergetic optimization of flat plate solar water collectors was performed using hourly solar
irradiation data over a year for humid subtropical climatic conditions to calculate the optimal
performance and design conditions. The proposed model predicts exergy efficiency by
considering various factors affecting the exergy losses. Recent metaheuristic techniques were
used for determining the optimal values of all decision variables for maximum exergy
efficiency as the single objective and maximum exergy efficiency and the minimum absorber
plate area as multi-objective on a case study based on Guwahati city climatic conditions. SHTS,
SHO, WCA, GA, MPEDE, and DNLPSO were used to optimize the single objective
optimization model, whereas the multi-objective model was solved using MOGA, MODE,

FYYPO, MOWCA, MALO, and MSSA.

The parameters affecting the design, operational and environmental conditions such as mass

flow rate of fluid, fluid inlet temperature, absorber plate area, absorber plate temperature, and
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glass cover temperatures, ambient temperature, wind velocity, incident solar heat flux, and
optical efficiency on mean exergy efficiency for other constant optimal values were analyzed.
The performance of WCA in solving the solar model is superior compared to all the other
algorithms, while the corner points reported by MOWCA were better or non-dominating to all
corner points reported by other algorithms. The multi-objective study proposed in this chapter
proves the occurrence of higher exergy efficiency with a lower absorber plate area. An
optimization tool kit using MATLAB GUI is provided to design a flat plate solar water
collector with maximum exergetic efficiency and minimum absorber plate area for humid

subtropical climatic conditions.
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Chapter 8

Conclusion and scope of future work

With increasing population and consistent developments in various sectors such as
transportation, construction, industrial, space exploration, etc., there is a continuous growth in
energy requirements. The energy demand has been largely dependent on fossil-based energy
sources, which contribute to high carbon emissions. On this account, a carbon-free green
economy is desired. Worldwide researchers and policymakers have been trying to achieve this
goal in a sustainable framework. Renewable resources, such as solar energy, wind energy,
geothermal energy, and biofuels, can substantially help to address the challenges as these are
available in abundance. However, energy harvesting from renewable sources is still in the
development stage, and apart from government subsidies and incentives, commercialization
will need optimal decisions starting from the design stage to the final delivery stages. In this
context, this thesis provides optimal frameworks for designing biofuel supply chains and solar-
based energy systems. This chapter summarizes the primary contributions of this thesis along

with possible future research directions.

8.1. Research outcomes for Biorefinery superstructures

This thesis first proposed an efficient optimization framework using metaheuristic techniques
to solve the biorefinery supply chain network that includes nonlinearities. The strategies
employed in the framework efficiently handle the equality constraints and aid the metaheuristic
techniques in searching for the optimal solution. Multiple repair operators are also incorporated
into the framework to improve potential solutions that violate the bound constraints on the flow
rates and the processing capacity. The proposed strategy is tested on a case study with nonlinear
cost functions using six metaheuristic techniques to minimize the total life cycle cost. The
techniques were able to determine feasible solutions for all the independent runs, representing

the robustness of the proposed strategy. The use of the standard approach for solving the case
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study resulted in infeasible solutions. The proposed solution strategy will help guide the
researchers in employing metaheuristic techniques to optimize the supply chain in biorefineries

and other domains involving mass balances.

The framework is extended to a multi-unit strategy-based framework to tackle the processing
capacity restrictions in biorefineries. The framework includes a heuristic mechanism to help in
the capacity planning of the biorefineries by implementing multiple units of the selected
technology within the capacity domain. The performance analysis of the framework using eight
metaheuristic techniques exhibited its benefit by determining reduced total lifecycle cost
compared to the single unit case. All the techniques were able to determine feasible solutions
for the multi-unit supply chain case study in every independent run. The approach used multiple
units of processing technologies at the main and secondary processing facilities, increasing the
economic gains over the single-unit supply chain. The proposed framework is expected to aid
researchers in addressing capacity planning in the supply-chain network of biorefineries and

optimizing them using metaheuristic techniques.

The multi-unit strategy was found to be beneficial for the biorefinery superstructures while
optimizing using the metaheuristic techniques. As a large section of the researchers uses the
mixed integer linear programming-based models for solving biorefinery superstructures, hence
this research proposed a multi-unit strategy-based mixed-integer linear programming
framework for a biorefinery supply chain network that supports multiple technological choices
for each type of biomass, domain constraints related to the capacity selection of the processing
technologies, and biofuel distributions. A single-unit model of a distributed biorefinery
superstructure available in the literature is improved to accommodate the decisions for multiple
technologies. The improved single-unit model is extended to a multi-unit model that can
implement multiple process units of selected technologies.
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The efficacy of the proposed model is demonstrated in a case study using the total life cycle
analysis approach with linear approximations for the capital cost calculations. The optimal
solution of the multi-unit model has a reduced total life cycle cost of 1.25% compared to the
single-unit model. The proposed model is generic to implement the idea of the multi-unit

strategy and can be used in other process industries.

The biorefinery superstructures are prone to seasonal unavailability of biomass and hence use
storage structures to use additional biomass in the peak demand or in case of biomass
unavailability. This requires a periodic assessment of the biorefineries, and in that case, the
selection of a single unit of higher-capacity facility might become redundant in a period of low
biomass availability and market demand. The effect of a multi-unit strategy on a periodic
supply chain is analyzed in this research by proposing a mixed-integer linear programming
framework that adopts a multi-period distributed biorefinery supply chain network and
integrates the multi-unit strategy. The proposed model uses multiple objectives, such as the
maximization of profit and the maximization of social impact, to demonstrate the efficacy of
the multi-unit strategy on a periodic biorefinery superstructure. The multi-unit model has
improved the profit by 4.73% and has generated 78 additional jobs in the analysis performed
over 12 months compared to the single-unit strategy. This research also analyzed the effect of
implementing multiple units on the profit and additionally performed a sensitivity analysis
towards demand variation from 50 to 150%. The profit increment obtained by varying the

demand from 50 to 150% of its actual value is observed to be from 3.96 to 4.76%.
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8.2. Research outcomes: Solar-based energy systems

This research developed a bi-level framework that employs metaheuristic techniques for
optimizing simple and finned solar air collectors. The optimization strategy eliminates all the
thermodynamically infeasible solutions using constraints on the operating conditions of the
system. It was found that the probabilistic selection on upper and lower bounds of decision
variables in the optimization procedure can affect the optima in finned air collectors. The
performance and accuracy of the results obtained by solving the energy balance equations
governing the performance of the simple solar air collector system were validated against the
literature. The simulation of the current model showed a better consistency between the present
results and those reported in the literature. The maximum energy and exergy efficiency is
achieved in the case of finned air collectors (case 2) with a yearly optimal average energy and
exergy efficiency of 43% and 6.10%, respectively, for an optimal collector area of 5 m? and
yearly optimal average heat flux of 601 W/m2 for humid subtropical climatic conditions

(Guwabhati, India).

A second framework was developed for a multi-objective solar water collector using
metaheuristic techniques. The framework has efficient optimization strategies and includes
additional constraints on the operating conditions of the solar water collector to ensure its
thermodynamic feasibility. Multiple metaheuristic techniques were used for determining the
optimal values of all decision variables for maximum exergy efficiency as the single objective
case and maximum exergy efficiency and the minimum absorber plate area as multi-objective
on a case study based on Guwahati City climatic conditions. The multi-objective study
proposed in this article proved the occurrence of higher exergy efficiency with a lower absorber
plate area. An optimization toolkit using MATLAB GUI is developed to analyze the effect of
various operational parameters on the solar water collector framework.
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8.3. Future research directions

The current research on efficient optimization strategies for renewable energy systems can be
extended into multiple aspects. Biorefineries are complex structures where biomass to biofuel
generation is undertaken using multiple stages. Although the technologies involved in the
conversion of various biomass into biofuel involve nonlinearities, the major supply chain
networks use approximations in terms of a conversion factor and solve using mixed integer
linear programming techniques. The use of the metaheuristic technique is often not explored
due to the absence of inherent constraint-handling capabilities and poor performance in the
presence of equality-type constraints. The strategy provided in this research could be used to
explore the application of metaheuristic techniques for complete supply chain networks,
avoiding the approximation of nonlinearities. The constraint handling strategies for the equality
constraints presented in this research can be used for other process industries involving mass
balances, and metaheuristic-based optimization solutions can be suggested.

The application of a multi-unit strategy is observed to be beneficial for biorefinery
superstructures using metaheuristic frameworks, and mixed integer linear programming
models can be explored for pre-treatment facilities at harvesting locations. The current study
does not incorporate the use of pre-treatment facilities and assumes a single mode of
transportation system. The multi-unit strategy can be used for the pre-treatment facilities-based
biorefinery superstructures and capacity-based multi-mode transportation systems. Further, the
models can be explored for stochastic optimization problems that include uncertainties in
various stages of the supply chain network. The current research has used the maximization of
profit and maximization of social impact as two conflicting objectives and demonstrated the
benefits of a multi-unit strategy for a periodic supply chain. This can be extended to use

different environmental objectives such as land and water footprint, waste management, and
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8.3. Future research directions

economic objectives such as net present value, internal rate of return, etc. The proposed multi-
unit concept is generic, and its applicability can also be explored for other manufacturing
industries.

The research presented for solar energy-based systems has used the subtropical climatic
conditions of Guwahati as the case study. However, the system can be explored for other
geographical conditions. The current systems can be integrated with photovoltaic thermal
collectors that could increase the performance of both the photovoltaic panel and the solar
collectors. The current models can be integrated with various solar combi systems, such as
solar refrigeration systems and solar heat pumps, to analyze the commercial potential of the
systems. Additionally, the integration with solar thermal storage systems can be explored to

satisfy intermittent energy requirements.
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Appendix

Appendix A: Salient features of the metaheuristic techniques

Table Al. Features of single objective metaheuristic techniques

Potential

Algorithm Inspiration . Selection strategy User-defined parameters
solution
Social structure and the

COA experience sharing of coyote Coyote Greedy selection and (u, 1) Population size, termination criteria, number of coyote in a pack

packs

Parallel direct Parameter . Population size, termination criteria, crossover probability, scalin
DE Greedy selection P P Y &
search vector factor
Points
Balance between conflicting representing Termination criteria, expansion /contraction factor, minimum and
DYYPO (utr) . .
forces the centre of maximum number of archive updates
hyper spheres
. opulation size, termination criteria, reproduction operator, crossover
GA Natural genetics Chromosome (pt2) pop ; p . P s
and mutation operator, crossover and mutation probabilities
Leadership hierarchy and hunting
GWO strategy Search agents (p, A) Population size, termination criteria
of grey wolves
. . . . Population size, termination criteria, acceleration coefficients, inertia
PSO Bird flocking and fish schooling Particles (p, A) R .
weight
SHTS Heat transfer among molecules Molecules (1, ) Population size, termination criteria
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Appendix A: Salient features of the metaheuristic techniques

. L Potential .
Algorithm Inspiration . Selection strategy User-defined parameters
solution
Teaching and . . . .. .
SPMGTLO . Students Greedy selection Population size, termination criteria, number of groups
learning process
Searching, encircling, hunting of . . . .. .
SHO & g g Search agents (ptA) selection Population size, Termination criteria
spotted hyenas
] ) Position update using (u, 1) .9 o o )
WCA The downhill flow of rivers and Raindro ) ) Population size, Termination criteria, Number of rivers + sea, Search
streams towards the sea P Keep track of elite solutions intensity near the sea

(rivers and sea)

(1, ) selection Population size, Termination criteria, Maximum and minimum value
DNLPSO Bird flocking in search of food Particles of inertia factor, Acceleration coefficients corresponding to the
personal best and global best position, Learning probability

Parallel direct search using n- Candidate Population size, Termination criteria, Percentage of indicator

MPEDE i
dimensional vector solution Greetylilels population, Generation gap, Scaling factor, Crossover probability
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Appendix A: Salient features of the metaheuristic techniques

Table A2. Features of multi-objective metaheuristic techniques

Algorithm Inspiration Potential solution Selection strategy User-defined parameters
Natural genetics and e i Population size, Tenn{natlon criteria, Reproduction operator,
MOGA . Chromosome . . Crossover and mutation operator, Crossover and mutation
natural selection and crowding distance e
probabilities,
MO-MODE Parall;l dlre.ct search using candiddlf solution giiln- (T Population size, Termination CI'ltF:tr.la, Scaling factor, Crossover
n-dimensional vector probability
Yin Yang philosophy of . Non-dominated sorting ~ Termination criteria, Bounds for archive update interval, Expansion
FYYPO balance between Solution . . .
o and crowding distance or contraction factor
conflicting forces
Non-dominated sorting
MSSA Swarming behavioumed Salp position : I Population size, Termination criteria, Archive size
salps distance-based roulette
wheel selection
MALO Hunting mee hanism of st Ant position Il R ST Ty Population size, Termination criteria, Archive size
lions update
The downbhill flow of rivers . . . . r . N .
: r +
MOWCA and streams towards the Raindrop Non-dominated sorting  Population size, Termination criteria, Number of rivers + sea, Search

sca

and crowding distance

intensity near the sea
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Appendix B: Additional analysis of the results

B1. Wilcoxon signed rank test analysis

The Wilcoxon signed-rank test is a non-parametric hypothesis test, which analyses whether

results obtained from two algorithms (samples) are statistically different or not with a

significance level (a), which is taken as 5% in this article. The Wilcoxon test checks the null

hypothesis, stating that the differences between the two samples are derived from a zero median

distribution. The total cost determined at the end of each independent run corresponding to

each algorithm is considered as a sample for this work. Table B1 provides the Wilcoxon signed-

rank test results among each algorithm on solving the multi-unit framework.

Table B1. Results of Wilcoxon signed rank test for multi-unit framework

COA DE DYYPO GA

p-valuee R+ R- p-value R+ R- p-value R+ R- p-value R+ R-

COA - - - 6.5E-05 14 311 12E-05 0 325 1.2E-05 0 325

DE 6.5E-05 311 14 - - - 1.2E-05 0 325 14E-05 1 324
DYYPO 1.2E-05 325 0 12E-05 325 O - - - 1.6E-05 323 2
GA 1.2E-05 325 0 14E-05 324 1 1.6E-05 2 323 - - -

GWO 3.7E-02 240 &5 7.4E-03 63 262 12E-05 0 325 14E-05 1 324

PSO 14E-05 324 1 5.8E-02 233 92 12E-05 0 325 23E-05 5 320

SHTS 1.3E-04 305 20 6.5E-02 231 94 12E-05 0 325 58E-05 13 312

SPMGTLO 2.2E-04 25 300 1.2E-05 O 325 12E-05 0 325 1.2E-05 0 325

GWO PSO SHTS SPMGTLO
p-value R+ R- p-value R+ R- p-value R+ R-  p-value R+ R-
COA 3.7E-02 85 240 14E-05 1 324 13E-04 20 305 2.2E-04 300 25

DE 74E-03 262 63 5.8E-02 92 233 6.5E-02 94 231 1.2E-05 325 O
DYYPO 1.2E-05 325 0 1.2E-05 325 0 12E-05 325 O 12E-05 325 O
GA 14E-05 324 1 23E-05 320 5 S8E-05 312 13 12E-05 325 O
GWO - - - 6.0E-04 35 290 2.1E-03 48 277 1.2E-05 325 O
PSO 6.0E-04 290 35 - - - 7.8E-01 152 173 1.2E-05 325 O
SHTS 2.1E-03 277 48 7.8E-01 173 152 - - - 12E-05 325 O
SPMGTLO 1.2E-05 0 325 1.2E-05 O 325 12E-05 0 325 - - -

If the p-value among two algorithms is less than the significance level (a =0.05), then the null

hypothesis is rejected, indicating the results provided by the pair-wise compared algorithms

are statistically different. The Wilcoxon test ranks the difference between the results provided
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Appendix B: Analysis of fitness for the final population

by the algorithms in each run. The R—represents the sum of ranks corresponding to the negative
differences, and R+ indicates the sum of ranks of positive differences. In Table 3, the p-value
less than the significance level and the higher value among R+ and R— are highlighted using
bold type-face font. The p-value obtained in each pair-wise comparison of algorithms is less
than the significance level of 0.05, indicating the results provided by all algorithms are
statistically different from each other. Such an inference is not observed on comparing the p-
value of DE with SHTS and PSO. The R- corresponding to SPMGTLO against all the
algorithms is large, indicating SPMGTLO outperformed all other algorithms. The lower R—

value of DY YPO in comparison to all the algorithms indicates its poor performance.

B2. Analysis of fitness for the final population

The fitness value corresponding to the total life cycle cost of the converged feasible population
after utilizing the maximum function evaluations is shown in Fig. B1. The solution profile
shown in Fig. B1 excludes DY YPO as it works only using two solutions and is independent of
population size. The final population analysis helps in getting a set of converged solutions that
show a trade-off in their fitness value and can be used for cases where the optimal solution is
limited by operational constraints. The techniques DE, SPMGTLO, GA and COA could
determine feasible solutions for all the population members, whereas for GWO, PSO and
SHTS, infeasible solutions were also found in the population. Among the techniques, GA has
converged to a single solution for the feasible population. A significant deviation in the fitness

value is observed among solutions in the population for SHTS, COA, SPMGTLO, and DE.

»10°
F T T

T T g
|» cwo = DE + SPMGTLO = GA ¢ PSO <« SHTS » coA| 1
1oF 3

18F 3

17F E

Total cost (§)
;c = T
1 1

8 Y ¢
0 50 100 150 200 250
Sorted population members

Fig. B1 Fitness analysis of the final population
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Appendix C: Data used for the case studies of Chapters 2-4

Appendix C: Data used for the case studies of Chapters 2-4

Table C1. Raw material availability per month (tonnes/month)

Harvesting sites qud sugar Grain Grain Sweet
Chips cane corn  sorghum sorghum
H1 Northwest region 5084 327174 486858 79019 137598
H2 South region 1701 558791 123441 7439 928
H3 Centre westregion 3311 698934 425502 164005 83629
H4 Northeast region 4213 0 116917 11376 137737
HS5 Eastregion 779 2259889 245245 248035 4469
H6 Centre region 779 155737 139095 20614 1595

Table C2. Cost of raw material at source

Raw material $/tonnes
Raw 1 Wood Chips 86.6
Raw 2 Sugar cane 28.98
Raw 3 Grain corn 207.4

Raw 4 Grain sorghum 167.77
Raw 5 Sweet sorghum 31.11

Table C3. Product demand (tonnes/month)

User 1 User 2
SPU 1 2021.78 901.02
SPU 2 1268.3 1065.1

Table C4. Data related to the available technologies for the MPU

. . Variable cost Processing
. Mass ratio Fixed cost .
Biomass Technology (tonne)  coefficient (§) coefficient cost
($/tonne) ($/tonne)
Wood Pretreatment, acid
Chips hydrolysis and Fermentation 0.1669 7000000 0.097 80
Wood Gasifigitign and 0.2625 7000000 0.007 80
Chips biosynthesis
Wood Gasification
Chips and chemical synthesis 0.1887 Fapqoop 0.007 80
sugar Pretreatment, acid 0.0592 2766400 0.0027664 31.616
cane hydrolysis and Fermentation
Grain Pretreatment, acid 0.3149 5083260 0.00508326 58.0944
corn hydrolysis and Fermentation
Grain Pretreatment, acid 0.2999 3984120 0.00398412 45.5328
sorghum  hydrolysis and Fermentation
Sweet Pretreatment, acid 0.0553 1421000 0.001421 16.24

sorghum hydrolysis and Fermentation
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Appendix C: Data used for the case studies of Chapters 2-4

Table C5. Data related to the available technologies for the SPU

; : Variabl t Pr in
Mass ratio Fixed cost ble cos ocessing

Biomass Technology . coefficient cost
(/tonne)  coefficient ($) ($/tonne) ($/tonne)
qud Pretreatment, acid hydrolysm 0.1669 10000000 001 100
Chips and Fermentation
gﬁ;‘: Gasification and biosynthesis ~ 0.2625 10000000 0.01 100
qud Gasification anq chemical 0.1887 10000000 0.01 100
Chips synthesis
sugar cane | retreatment, acid hydrolysis -, 59, 3952000 0.003952 39.52
and Fermentation
Graincom  Trotreatment, acid hydrolysis 374 7261800 0.0072618 72.618
and Fermentation
Grain  Pretreatment, acid hydrolysis - 599 5691600 0.0056916 56.916
sorghum and Fermentation
Sweet Pretreatment, acid hydrolysm 0.0553 2030000 0.00203 203
sorghum and Fermentation

Table C6. Biomass transportation cost ($/tonne)
MPU SPU1 SPU2

Northwest region  157.68 141.63 157.68
South region 11831 15839 118.31
Center west region  17.34  56.28  17.34
Northeast region 67.04 27.43  67.04
East region 1339  34.07 13.39
Center region 23.81 63.88 23.81

Table C7. Allowable flow rates for transportation (tonnes/month)

Minimum Maximum

Biomass flow to the MPU 140 1400
Biomass flow to SPU 140 1400
Fuel flow from the MPU to SPU 140 1400

Table C7. Allowable processing capacity for MPU(tonnes/month)

Minimum Maximum

Biomass flow to the MPU 140 1400

Biomass flow to SPU 140 1400

Fuel flow from the MPU to SPU 140 1400
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Appendix C: Data used for the case studies of Chapters 2-4

Table C8. Allowable processing capacity for MPU (tonnes/month)

Biomass Technology Minimum  Maximum
Wood Chips Pretreatment, acid hydrolysis and Fermentation 95.32 9532.23
Wood Chips Gasification and biosynthesis 95.32 9532.23
Wood Chips Gasification and chemical synthesis 95.32 9532.23

sugar cane Pretreatment, acid hydrolysis and Fermentation 116.61 11661.11
Grain corn Pretreatment, acid hydrolysis and Fermentation 60.46 6046.45
Grain sorghum Pretreatment, acid hydrolysis and Fermentation 35.50 3550.92
Sweet sorghum Pretreatment, acid hydrolysis and Fermentation 89.10 8910.71

Table C9. Allowable processing capacity for SPU (tonnes/month)

Biomass Technology Minimum  Maximum
Wood Chips Pretreatment acid hydrolysis and Fermentation 76.25 7625.78
Wood Chips Pretreatment gasification and biosynthesis 76.25 7625.78
Wood Chips Pretreatment gasification and chemical synthesis 76.25 7625.78

sugar cane Hydrolysis and fermentation with black fermentation 93.28 9328.89
Grain corn Catalytic Pyrolysis with LA/AL,O3 48.37 4837.16
Grain sorghum Catalytic pyrolysis with GAMMA/AL,O3 28.40 2840.73
Sweet sorghum Catalytic pyrolysis with CR,03 71.28 7128.57

Note: For the main processing unit of the biorefinery case study used in chapters 3 and 4, an
increased investment cost of 20% is applied.

Table C10. Algorithmic parameters for the metaheuristic algorithms

Algorithm User-defined parameter Value
Tournament size 2
Crossover distribution index mean 10
GA Mutation distribution index mean 10
Crossover probability 0.8
Mutation probability 0.2
DE Crossover probability 0.8
Scaling factor 0.6
Inertia weight 0.7
PSO Acceleration coefficient 1 1.5
Acceleration coefficient 2 1.5
SPMGTLO Number of groups 4
Minimum value for archive update
DYYPO Maximum value for archive update 10
Expansion/contraction factor 10
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Table D1. Conversion factors, Unit costs, Eco-indicator99 and jobs for each feedstock

Product Raw Material ~ Cost ($/tonne) Processing Route Mass Ratio (/tonne)
Ethanol Wood Chips 86.6 Pretreatment, acid hydrolysis and fermentation 0.1669
Ethanol Wood Chips 86.6 Gasification and Biosynthesis 0.2625
Ethanol Wood Chips 86.6 Gasification and Chemical synthesis 0.1887
Ethanol Sugar cane 28.98 Pretreatment, acid hydrolysis and fermentation 0.0592
Ethanol Corn grain 207.4 Pretreatment, acid hydrolysis and fermentation 0.3149
Ethanol Sorghum grain 167.77 Pretreatment, acid hydrolysis and fermentation 0.2999
Ethanol Sweet sorghum 31.11 Pretreatment, acid hydrolysis and fermentation 0.0553
Biodiesel African Palm Oil 66.31 Extraction and transesterification with methanol 0.2064
Biodiesel Jatropha 110.4 Extraction and transesterification with methanol 0.3268
Biodiesel Sawflower 269.07 Extraction and transesterification with methanol 0.285

Table D2. Processing costs, Eco-indicator99 and jobs for each feedstock

Processing cost at main Processing cost at secondary

Raw Material Eco-indicator 99/tonne  Jobs/tonne biomass processed

unit ($/tonne) unit ($/tonne)
Wood Chips 80 100 3931 5.93E-04
Wood Chips 80 100 9.9 5.93E-04
Wood Chips 80 100 10.39 5.93E-04
Sugar cane 30.4 39.52 1.84 5.93E-04
Corn grain 55.86 72.618 17.16 6.41E-06
Sorghum grain 53.2 56.916 5.85 5.93E-04
Sweet sorghum 16.1 20.93 5.85 5.93E-04
African Palm Oil 55.05 71.565 10.56 1.19E-03
Jatropha 87.16 113.308 16.72 1.19E-03
Sawflower 76.01 98.813 14.58 1.19E-03
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Table D3. Feedstock availability at the harvesting locations (tonnes)

miz‘zal Iiggfisgqnsg Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
H1 5084 5084 5084 5084 5084 5084 5084 5084 5084 5084 5084 5084
H2 1701 1701 1701 1701 1701 1701 1701 1701 1701 1701 1701 1701
Wood H3 3311 3311 3311 3311 3311 3311 3311 3311 3311 3311 3311 3311
Chips H4 4213 4213 4213 4213 4213 4213 4213 4213 4213 4213 4213 4213
H5 779 779 779 779 779 779 779 779 779 779 779 779
H6 779 779 779 779 779 779 779 779 779 779 779 779
H1 533008 395977 775646 529242 744649 558202 389363 0 0 0 0 0
H2 3025668 1094683 2184954 1669491 1334888 282295 113518 0 0 0 0 0
Sugar H3 2748833 1116699 1470949 1820716 752872 366686 110452 0 0 0 0 0
cane H4 0 0 0 0 0 0 0 0 0 0 0 0
H5 6219260 4458579 5769145 5178078 3426659 682132 1384818 0 0 0 0 0
H6 594493 258901 348528 296504 370420 0 0 0 0 0 0 0
H1 194 222 29763 84305 1785225 3224777 89881 3778 7337 281066 111428 224323
H2 11805 58713 62752 65346 57243 10311 16306 12392 4203 223921 497902 460400
Corn H3 1319 255 5180 78290 37821 1319 8037 1079 225 603659 1787921 2580913
H4 0 0 0 0 270.00 1705 0 1419 0 241662 1047587 110359
H5 9633 15896 30375 108580 237199 85922 242639 190775 45317 304867 1056438 615297
H6 0 0 0 1490 1289 914 1307 478 170 55190 612789 995510
H1 0 1000 9466 215244 8045 23186 394771 59919 44783 7791 80092 103934
H2 0 747 7864 27216 13364 10315 3773 597 130 1117 7023 17127
Sorghum H3 896 16 1993 15101 7849 3680 428 492 2959 456005 959629 519013
H4 0 0 0 0 0 19066 4400 10059 1243 22183 52547 27017
H5 480 0 19865 85780 45188 1893824 501646 1821 9927 881 87819 329187
He6 0 0 0 0 0 0 0 0 0 13641 191951 41774
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Appendix D: Detailed solution and data for the case study used in Chapter 5

m};izal Iﬁl(;:isgg;g Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
H1 7625 58755 12414 84221 25722 45410 48943 199258 424088 227577 332236 184921
H2 0 0 4787 1852 1060 1095 0 220 317 406 1039 365
Sweet H3 17786 6151 38791 113274 9782 10491 3519 3409 5476 229133 257755 307985
sorghum H4 0 0 0 0 180 50413 39083 475238 304165 346089 253728 183950
HS 0 595 2755 4600 7115 0 2725 4000 7289 3581 16410 4560
Ho6 0 0 0 225 1105 233 447 4743 1148 2256 3046 5933
H1 0 0 0 0 0 0 0 0 0 0 0 0
H2 24517 24517 24517 24517 24517 24517 24517 24517 24517 24517 24517 24517
African H3 0 0 0 0 0 0 0 0 0 0 0 0
palm H4 0 0 0 0 0 0 0 0 0 0 0 0
H5 6129 6129 6129 6129 6129 6129 6129 6129 6129 6129 6129 6129
H6 0 0 0 0 0 0 0 0 0 0 0 0
H1 0 0 0 0 0 0 0 0 0 0 0 0
H2 44150 44150 44150 44150 44150 44150 44150 44150 44150 44150 44150 44150
Jatropha H3 44150 44150 44150 44150 44150 44150 44150 44150 44150 44150 44150 44150
H4 44150 44150 44150 44150 44150 44150 44150 44150 44150 44150 44150 44150
HS 0 0 0 0 0 0 0 0 0 0 0 0
H6 0 0 0 0 0 0 0 0 0 0 0 0
H1 0 0 3817 4113 73 14809 41327 1608 6836 0 0 0
H2 0 0 0 0 0 0 0 0 0 0 0 0
Sawflower H3 0 0 128 352 3372 6301 118 44 750 0 0 0
H4 0 0 0 0 0 90 0 0 0 0 15 0
H5 0 0 2662 9826 1227 977 0 0 0 0 0
H6 0 0 0 0 0 0 0 0 0 0 0 0
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Table D4. Demand of bioethanol in each market (tonnes)

Bioethanol Biodiesel
MK1 MK2 MK3 MK4 MK5 MKl MK2 MK3 MK4 MKS5
January 181960 81091 114146 95858 70515 25709 13482 20469 17289 12631
February 121307 54061 76097 63905 47010 51419 26963 40938 34578 25261
March 90980 40545 57073 47929 35257 38564 20223 30703 25933 18946
April 75817 33788 47561 39941 29381 19282 10111 15352 12967 9473
May 75817 33788 47561 39941 29381 16068 8426 12793 10806 7894
June 60653 27030 38049 31953 23505 16068 8426 12793 10806 7894
July 60653 27030 38049 31953 23505 12855 6741 10234 8644 6315
August 75817 33788 47561 39941 29381 12855 6741 10234 8644 6315
September 75817 33788 47561 39941 29381 12855 6741 10234 8644 6315
October 90980 40545 57073 47929 35257 16068 8426 12793 10806 7894
November 121307 54061 76097 63905 47010 16068 8426 12793 10806 7894
December 181960 81091 114146 95858 70515 19282 10111 15352 12967 9473

Table DS5. Unit costs, Eco-indicator99 for the products

Product Cost ($/tonne) Eco-indicator99/tonne
Bioethanol 796.82 32.12
Biodiesel 841 10.15

Table D6. Biomass transportation costs from main processing unit to secondary processing locations ($/tonne)

Sec 1 Sec 2 Sec 3 Sec 4 Sec 5
Main unit 14.16359601 54.61732644 33.25518207 40.20708141 54.51152986
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Table D7. Biomass transportation costs from harvesting location to processing locations ($/tonne)

Main unit

Sec 1

Sec 2

Sec 3

Sec 4

Sec 5

HI
H2
H3
H4
HS5
H6

171.6871862
104.3993111
31.34646158
11.98568796
20.94021009
10.95777092

157.68448
118.3125
17.344379
67.036843
13.38984
23.806734

141.6334461
158.3906223
56.27188474
27.42572807
34.06774986
63.88485619

176.2182845 212.0939664 224.390158

113.084026
49.37382271
62.63658178
27.17031385
38.53812476

64.7556434
71.30313689
116.4281941

60.8968854
37.38813475

83.88040926
85.23197618
128.4727275
74.8257247
51.31697404

Table D9. Eco-indicator 99/tonne transportation of biomass from harvesting to the processing locations

Table D8. Jobs for biomass transportation

/tonne biomass transport

5.87E-04

Main unit

Sec 1

Sec 2

Sec 3

Sec 4

Sec 5

HI
H2
H3
H4
HS5
H6

2.248704535
1.367389201
0.410566053
0.156984755
0.274268258
0.143521422

2.0653015
1.5496198
0.2271712
0.8780274
0.1753759
0.3118131

1.85507014
2.074550341
0.737031372
0.359213524
0.446208627
0.836743668

2.30805143
1.481138783
0.646682735
0.820394164
0.355868189
0.504760185

2.77793978
0.848148963
0.933905965
1.524939711

0.79760817
0.489697979

2.938991413
1.098639106
1.116341503
4.682695205
0.980043707
0.672133517
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Table D10. Eco-indicator 99/tonne transportation of product from processing locations to the markets

Main unit

Sec 1

Sec 2

Sec 3

Sec 4

Sec 5

MK1
MK2

MK3
MK4
MK35

0.145912119
0.750035541
0.436452572
2.091520946
0.858401431

0.3118131
0.5762913
0.2271712
2.0653015
1.5496198

0.836743668
0.02131831
0.737031372
1.85507014
2.074550341

0.504760185
0.493158105
0.646682735
2.30805143
1.481138783

0.489697979
1.198523588
0.933905965
2.772036248
0.848748963

0.572133517
1.380959125
1.116341503
2.1482297
1.098639106

Table D11. Eco-indicator 99/tonne transportation of product from main processing unit to secondary processing units

Sec 1

Sec 2

Sec 3

Sec 4

Sec 5

Eco-indicator 99 (0.185510294 0.7153605 0.435565871

0.526619652 0.7139748

Table D12. Biomass production at the harvesting locations (tonne/month)

Harvesting

locations Raw material Jan Feb Mar Apr May June July Aug Sept Oct Nov Dec
3 Wood Chips 3310.80 3310.80 3310.80 3310.80 3310.80 3310.80 3310.80 3310.80 3310.80 3310.80 3310.80 3310.80
Jatropha 44150 44150 44150 44150 44150 44150 44150 44150 44150 44150 44150 44150
Wood Chips 421321 4213.21 421321 421321 4213.21 4213.21 4213.21 4213.21 4213.21 421321 4213.21 4213.21
H4 Grain Sorghum 0 0 0 0 19066 0 0 0 22183 0 27017
Jatropha 44150 44150 44150 44150 44150 44150 44150 44150 44150 44150 44150 44150
Wood Chips 779.46  779.46  779.46  779.46  779.46  779.46  779.46  779.46 779.46 779.46 779.46  779.46
H5 Grain Sorghum 0 0 0 85780 45188 1416443 501646 0 0 0 0 0
African palm Oil 6129 6129 6129 6129 6129 6129 6129 6129 6129 6129 6129 6129
H6 Wood Chips 779.46  779.46  779.46  779.46  779.46 77946  779.46  779.46 779.46 779.46 779.46  779.46
Grain Sorghum 0 0 0 0 0 0 0 0 13641 0 41774
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Table D13. Biomass transported to processing plants (tonne/month)

Raw material Jan Feb Mar Apr May June July Aug Sept Oct Nov Dec
H3-C Wood Chips 9932.41 3310.80 3310.80 3310.80 3310.80 3310.80 3310.80 3310.80 3310.80 3310.80 0 0
Jatropha 27806.80  12583.00 44150 44150 44150 44150 44150 44150 44150 1148.08 0 0
H3-SP1 Jatropha 111265.70  31567.00 0 0 0 0 0 0 0 36379.42 0 0
Wood Chips 12639.64 4213.21 421321 421321 4213.21 421321 4213.21 421321 421321 4213.21 0 0
H3-C Grain Sorghum 27017 0 0 0 0 19066 0 0 0 22183 0 0
Jatropha 132450 44150 44150 44150 44150 44150 44150 44150 44150 44150 0 0
Wood Chips 2338.39 779.46 779.46 77946 77946  779.46 77946 779.46  779.46 779.46 0 0
H5-C Grain Sorghum 0 0 0 0 0 16443.2 0 0 0 0 0 0
African palm Oil 18387 6129 6129 6129 6129 6129 6129 6129 6129 6129 0 0
H5-SP1  Grain Sorghum 0 0 0 85780 45188 1400000 501646 0 0 0 0 0
H6-C Wood Chips 2338.39 779.46 779.46 77946 77946  779.46 77946 779.46  779.46 779.46 0 0
Grain Sorghum 41774 0 0 0 0 0 0 0 0 13641 0 0
SP1-C Jatropha 0 111265.70 31567.00 0 0 0 0 0 0 0 3637942 0
Table D14. Biomass stored at various storage facilities (tonne//month)
Storage location Raw material Jan Feb Mar Apr May June July Aug Sept Oct Nov Dec
H3 Wood Chips 0 0 0 0 0 0 0 0 0 0 3310.80  6621.60
Jatropha 0 0 0 0 0 0 0 0 0 66225 50772.50 94922.50
Wood Chips 0 0 0 0 0 0 0 0 0 0 421321  8426.43
H4 Grain Sorghum 0 0 0 0 0 0 0 0 0 0 0 27017
Jatropha 0 0 0 0 0 0 0 0 0 0 44150 88300
Hs Wood Chips 0 0 0 0 0 0 0 0 0 0 779.46 1558.92
African Palm OQil 0 0 0 0 0 0 0 0 0 0 6129 12258
H6 Wood Chips 0 0 0 0 0 0 0 0 0 0 779.46 1558.92
Grain Sorghum 0 0 0 0 0 0 0 0 0 0 0 41774
C Jatropha 0 0 0 0 0 0 0 0 0 0 0 36379.42
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Table D15. Biomass processed at various processing plants (tonne/month)

Plant Raw material Jan Feb Mar Apr May June July Aug Sept Oct Nov Dec
SP1  Grain Sorghum 0 0 0 0 85780 45188 1400000 501646 0 0 0 0
Wood Chips 0 27248.82 9082.94  9082.94 9082.94 9082.94 9082.94 9082.94 9082.94 9082.94 9082.94 0
Grain Sorghum 0 68791 0 0 0 0 35509.2 0 0 0 35824 0
African Palm Oil 0 18387 6129 6129 6129 6129 6129 6129 6129 6129 6129 0
Jatropha 36379.42 160256.80 167998.70 119867 88300 88300 88300 88300 88300 88300 45298.08 O
Table D16. Product transport to different markets (tonne/month)
Product Jan Feb Mar Apr May June July Aug Sept Oct Nov Dec
C 0 0 0 0 0 0 0 221470.73 150443.64 0 0 0
MK1 0 0 0 0 0 0 0 75817 0 0 0 0
MK?2  Ethanol 0 0 0 0 0 0 0 33788 0 0 0 0
SPl MK3 0 0 0 0 0 25725.42  13551.88 47561 0 0 0 0
MK4 0 0 0 0 0 0 0 24875.75 0 0 0 0
MKS5 0 0 0 0 0 0 0 16347.52 0 0 0 0
Ethanol  13127.89 0 27783.24 2384.27 2384.27 238427  2384.27 0 90980 121307 238427 0O
MKl Biodiesel 16068.44 11888.80 16068 16068 12855 12855 12855 6068 9254.47 1982 5709 0
Ethanol 0 0 0 0 0 0 0 0 40545 0 0 0
Mic2 Biodiesel 0 0 8426 8426 6741 717.4656 717.4656 8426 0 3314.47 0 0
Ethanol 0 0 0 0 0 0 0 0 57073 3152091 0 0
c MK Biodiesel 0 0 12973 12973 10234 10234 10234 12793 12973 15352 20469 0
Ethanol 0 0 0 0 0 0 0 0 0 0 0 0
Mic4 Biodiesel 0 0 10806 10806  4292.56 0 0 0 0 0 0 0
Ethanol 0 0 0 0 0 0 0 13033.48 35257 0 0 0
MEKS Biodiesel 0 0 7894 7894 6315 6315 6315 2834.47 7894 9473 394347 0
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Appendix D: Detailed solution and data for the case study used in Chapter 5

Table D17. Product stored at storage locations (tonne/month)

Product Jan Feb Mar Apr May June July Aug Sept Oct Nov Dec
Ethanol 0 0 0 0 0 0 0 0 0 0 0 13127.89
Biodiesel O 0 0 0 0 0 0 0 0 0 0 16068.44

Table D18. Product sold at different markets (tonne/month)

Markets  Product Jan Feb Mar Apr May June July Aug Sept Oct Nov Dec

Ethanol 0 13127.89 0 27783.24 238427 238427  2384.27 2384.27 75817 90980 121307  2384.27

MKl Biodiesel 0  16068.44 11888.80 16068 16068 12855 12855 12855 6068 9254.47 1982 5709
Ethanol 0 0 0 0 0 0 0 0 33788 40545 0 0

Mi2 Biodiesel O 0 0 8426 8426 6741 717.47 717.47 8426 0 3314.47 0
Ethanol 0 0 0 0 0 0 25725.422 13551.881 47561 57073 3152091 0

MK3 Biodiesel O 0 0 12973 12973 10234 10234 10234 12793 12973 15352 20469
Ethanol 0 0 0 0 0 0 0 0 24875.753 0 0 0

MK Biodiesel O 0 0 10806 10806  4292.56 0 0 0 0 0 0
Ethanol 0 0 0 0 0 0 0 0 29381 35257 0 0

MEKS Biodiesel O 0 0 7894 7894 6315 6315 6315 2834.47 7894 9473 3943.47

256

TH-3505_156107002



	01DM_COVER
	02DM_firstpage
	03DM_Dedication and cerificate
	04DM_Acknowledgements
	05DM_Abstract
	06DM_Contents
	07DM_Chapter 1
	08DM_Chapter 2
	09DM_Chapter 3
	10DM_Chapter 4
	11DM_Chapter 5
	12DM_Chapter 6
	13DM_Chapter 7
	14DM_Chapter 8
	15DM_publication
	16DM_Referrences
	17DM_Appendix

