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ABSTRACT.
Sustainable processes have recently awaked an increasing interest in the process systems engineering
literature. In industry, this kind of problems inevitably required a multi-objective analysis to evaluate the
environmental impact in addition to the economic performance. Bio-based processes have the potential to
enhance the sustainability level of the energy sector. Nevertheless, such processes very often show variable
conditions and present an uncertain behavior. The approaches presented for solving multi-objective problems
under uncertainty have neglected the potential effects of different quality streams on the overall system. Here,
it is presented an alternative approach based on a State Task Network formulation capable of optimizing
under uncertain conditions, considering multiple selection criteria and accounting for the material quality
effect. The resulting set of Pareto solutions are then assessed using the Elimination and Choice Expressing
Reality-1VV method, which identify the ones showing better overall performance considering the uncertain
parameters space.
Keywords: Uncertainty, State Task Network, Sample Average Approximation, Sustainability, quality,
Industrial symbiosis.

1. Introduction
During the last decade, industrial globalization have been continuously changing the business behavior, thus
making it difficult to remain competitive in the global market for current processes/industries [1].
Additionally, the increasing government pressure on designing green processes has led to the need for
developing more sophisticated strategies to design and manage industrial processes. The above jointly with
the recent improvements in environmental analysis techniques has stimulated the emergence of sustainability
strategies in process systems engineering (PSE) literature [2]. Here, one major challenge concerns how to
combine multi-objective (MO) [3] approaches (maximize economic performance while minimizing
environmental impacts) with uncertainty strategies for a reliable/quick response against unpredictable

situations (including demands, prices, availability and quality uncertainties) [4].
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Along these lines, industrial symbiosis (IS) appears as a promising strategy to bring together companies from
different sectors in order to share resources (such as energy, materials and water) and provide stability to the
markets [5]. The concept of IS covers multiple important gaps in the current PSE literature [6], since it
attempts to enhance the process sustainability as well as the financial and social benefits for all the
participants [7]. Nevertheless, in practice the application of IS strategies is a hard task to carry out, mainly due
to the limited flow of information within industries, the lack of integration strategies, the complexity of
synergy identification and the dynamic behavior associated to IS networks. In fact, several authors agree that
in order to meet the highest sustainability standards, the synthesis and operation of robust industrial symbiosis
systems should be improved in parallel with solution strategies for highly complex design and planning
optimization problems [8]. Therefore, robust and flexible mathematical formulation should be developed to
address IS problems using a PSE approach.

In the PSE literature, bio-based processes can be mentioned as one of the most representative example of IS,
especially because of their structural and conceptual similarities. Actually, in the field of bio-based processes,
multiple works can be found focusing on operating conditions, equipment units’ efficiency, and raw material
properties, among others. For example, Mikulandri¢ et al. [9] use an Artificial Neural Networks (ANN)
method to predict the variability of the operational conditions (i.e., output temperatures) and model the
dynamic behavior of a biomass gasification unit for its use in on-line applications. The above study uses a
surrogate model which requires experimental training data. In parallel, Sepe et al. [10] combine traditional
gasification techniques with a solar-assisted steam gasification unit in order to increase the quality of the
resulting syngas stream (1.4 times more than the traditional value). Recently, Mirmoshtaghi et al. [11] study
the impacts of different parameters on the gas quality and gasifiers performance for a biomass gasification
unit. Even if those detailed studies increase the efficiency of the process, their improvements are constrained
by the available infrastructure. In order to address such an issue, Liu et al. [12] optimize the production
pathway of a biofuel supply chain (SC) evaluating the economic, energy and environmental performance
applying simultaneously MO and environmental methods (e-constraint and Life Cycle Assessment (LCA),
respectively). In 2012, Gebreslassie [13] optimize the design of a bio-refinery supply chain under demand

uncertainty and multiple objectives using decomposition strategies.
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In addition to the mentioned works, other contributions ranging from a complete review on stochastic
programming [14] to a study on stochastic applications for green supply chains [15] focus on improving MO
models under uncertainty [16] in order to enhance the robustness of the final solution [17]. The main
limitation here is the large CPU time associated with these strategies [18]. Furthermore, all those strategies
disregard the flexibility of the model formulation limiting the management and evaluation of the flows (as
function of their properties), which has an important impact on the operating efficiency [19]. In this line,
Pérez-Fortes et al. [20] extended the State Task Network (STN) formulation, typically used in scheduling
problems, in order to solve the design and planning problem of a regional bio-based energy SC. The
formulation proposed by Pérez-Fortes [20] also considers multiple objectives, including economic,
environmental and social performance in an attempt to increase the sustainability of the final solution while
maintaining the model flexibility. This formulation was later extended by Lainez et al. [21] in which a
decomposition algorithm is proposed in order to handle a large and complex model. This model evaluates the
performance of a co-combustion process over the electricity distribution network of Spain, considering
multiple biomass kinds (forest wood residues and agricultural woody residues) to partially substitute coal as
main power resource. To the best of our knowledge, although there are methodologies to assist in the design
of green processes, there is still a gap in the evaluation of the influence of the quality of the raw material on
the process’ performance which is attempted to be fulfilled in this work.

The proposed approach is based on a STN formulation under uncertainty. A bio-based energy production SC
is used as a test bed case study in which different energy consumers and their respective SCs as well as their
interactions will be studied. Multiple criteria shall be considered, including economic, environmental and
social aspects, ensuring the robustness and sustainability of the solutions for all the participating actors. Given
that locally available agro-industrial waste is used, it should be subject to uncertainty caused by climate
variations. Thus, the impact on biomass availability across the time as well as the corresponding variability
for the processes prior to the biomass collection will be considered in the model here presented [22].
Additionally, the combination of different raw material sources with varied qualities will be analyzed in order
to evaluate their effects over the energy generation efficiency, thus making the final solution more realistic.
To tackle the resulting model, a solution strategy, based on the Sample Average Approximation (SAA)

algorithm, is used for optimization under uncertainty, in order to reduce the computational effort. Finally, the
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ELimination and Choice Expressing REality (ELECTRE-IV) method will be used as multi-criteria decision-
making tool in order to identify the solution that best reflects the decision-makers preferences.

2. Problem statement
This paper tackles the design and planning of a centralized multi-echelon bio-based energy production supply
chain subject to raw material uncertainties. Here, two main actors will be considered (the supplier and the
manufacturer). Both actors are considered in a single SC management problem, however the exchange of
resources between them is allowed. More precisely, food industry will provide the raw material for energy
production, while the power generation plant will meet the energy needs of the food industry. Uncertain
behaviors in raw material availability and quality properties are addressed through a tailor-made approach. To
illustrate the capabilities of the proposed approach, a conveniently modified version of the case study
modelled by Pérez-Fortes et al. [20] is used. Additionally to the original process data (i.e. potential sites,
material states, tasks, equipment’s, etc.), a set of actors composed by suppliers (ele = 1, ..., E) which provide
the biomass; the consumers (m|m = 1, ..., M) as markets; and the manufacturers (f|f # e and f +# m) as
energy producers are defined. Also a given expected raw material availability profiles is defined for each
short-term period and supplier.
The goal is to optimize the following decisions concerning the design and planning of the SC, including the
eventual installation of a pre-processing unit with its corresponding capacity and location, distribution links
among facilities (suppliers, manufacturer and consumers), sizing of installed equipment units and biomass
utilization at any period. Those decisions are taken in order to achieve the decision maker objectives which
includes the expected net present value, expected environmental impact and the social performance
(quantified via the creation of job opportunities) as economic, environmental and social metric respectively.
For further details about the process data, equipment description and its capacity, the readers are addressed to
Pérez-Fortes et al. [20] and to the Appendix A of this paper.

3. Methods
The proposed solution strategy is a modification of the approach recently proposed by Medina-Gonzalez et al.
[23]. The method’s approach comprises three main steps as shown in Fig. 1. A stochastic multi-objective
optimization (MOOQO) model is developed in step 1. Step 2 solves the stochastic MOO problem using a

customized strategy that provides as output a set of solutions that are then evaluated in step 3 to select the
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optimal design that best satisfies the decision maker preferences. A detailed description of each step

(including the specific methods/algorithms used) is provided in the following subsections.

Decision Making under
uncertainty

s

1.- Develop Stochastic MOO
madel

2.- Solve Stochastic MOO
model

3.- Solution Selection

|

Final Robust solution

Fig. 1. Algorithm for the proposed method.

3.1. Multi-scenario two-stage stochastic programming model.
A general scheme of the bio-based SC under study is shown in Fig. 2. Particularly, this model assumes fixed
locations for supplier sites where biomass is produced (as a waste of food industry). The final product can be
produced at several potential processing sites. The properties of the raw biomass as well as its availability are
considered uncertain since they highly depend on the unpredictable weather conditions as well as on the
specific treatments at each generation site. Consequently, pretreatment units must be installed aiming to reach
homogeneous conditions required by subsequent steps in the SC. The equipment capacity of each production
site is constrained by its nominal production rate (i.e. the number of working hours per year and the type of
equipment used). On the other hand, the storage and transportation capacities are modelled taking into
account the limits of the corresponding equipment (physical limitations). Materials flows appear only if
selecting such a flow improves the performance of the SC despite its associated cost. All the SC decisions will

be taken by optimizing the three objectives defined before.
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Fig. 2. General scheme for bio-based Supply Chain.

The original mathematical formulation is described in detail in Perez-Fortes et al. [20], including the most
relevant mass and energy balances, associated constraints, and also the required equations that describe the
technologies involved. However, in this work, the original model has been modified in order to manage the
associated uncertainty described later in this paper. Hence, the original MO problem has been reformulated

into a multi-scenario two-stage stochastic problem of the following form (Eq.(1)), henceforth known as

Model P:
(P) H;E;/X {fl(x' YClAc)l ---;fob(x; y(:l)'c)t "'tf|OB|(xl y(:!lc)}
h(x,y.,A.) Vc €C
s.t. g, y.,A:) Vc eC €Y
x€X, Y. EY

Here, x represent the first-stage decision variables, whereas y,, 4. denote the second-stage decision variables
and uncertain parameters values that belong to the space ¢ of uncertain parameters, respectively. The solution
space ¢ is described through 4., which is the vector of the values taken by the uncertain parameters in the
scenarios ¢ of the set C. First stage decisions may contain integer variables due to allocation requirements.
f(x,y.,A.) represents the multi-dimensional objective function; h(x,y., A.) and g(x,y., A.) are vectors of
equality and inequality constraints.

Model P can be interpreted as follows. First stage decision variables (x) must be taken before a realization of

the random vector (4.) becomes known (here and now decisions). However, such a decision needs to satisfy
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as well the second-stage set of constraints. Therefore, recourse actions need to be taken (second-stage
decision variables y.) with an associated impact over the objective function. Hence, given a first-stage
decision x, each realization of 1, leads to recourse costs given by the value of the second-stage function (y,).
Finally in Eq. (1) f,, represents the different objective functions of the problem (f; = ENPV, f, =
—Impact229%,, and f; = ESoC.). A detailed description of the expected profit calculation and the other
criteria is provided in Appendix B of this work. Notice that even if this formulation is used, our approach is
general enough to accommodate more sophisticated objective definition as well as additional criteria.

3.2. Solution strategy (Sample Average Approximation algorithm)
The solution of Model P is challenging due to the number of scenarios, objectives and variables required in
the STN formulation. In order to expedite the solution and reduce the computational effort, a solution strategy
based on the well-known SAA algorithm is used. First, optimize Model P for a deterministic case
(considering only one scenario) and maximizing the economic performance (single objective). Then, fix the
design decision variables obtained for the first-stage variables and optimize again the profit in Model P, but
this time considering all the scenarios (|C|). This procedure will be repeated recursively by replacing the
scenario used in the first part by another one until the designs of the supply chain (for the different scenarios)
are generated. The overall algorithm is graphically described in Fig. 3.
Further details on SAA can be found in [24] while a useful application for solving stochastic problems in
Bioethanol and Sugar Production problems is reported in [25].
Note that even if Model P is a multi-objective model, in this step of the algorithm only one objective function
is considered. More precisely, the economic performance (ENPV) is used as optimization objective while
environmental and social impacts are calculated in parallel during the process, but they never act as objective
functions. The reason for this is that the explicit consideration of multiple objectives under uncertainty leads
to large CPU times, even using tailored decomposition strategies such as Lagrangean decomposition [21] and
discrete differential dynamic programming [26]. Hence, the remaining objectives are assessed in a post-

optimization step.
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Fig. 3. Algorithm that represents the detail of the particular strategy used in the present work.

3.1. Solution selection procedure (ELECTRE-IV algorithm)

The selection of a unique and robust solution that guarantees the decision makers satisfaction and
simultaneously avoids subjectivity sources for multiple criteria problems is a very hard task. In this work, the
application of the ELECTRE-IV method is proposed to overcome this limitation. This method is a derivation
of the ELECTRE method, which was first introduced by Roy [27]. In general, those methods perform a
systematic analysis of the relationship between all possible pairings of multiple options (solutions)
considering multiple and common criteria. As a result, this method provides a hierarchically ordered list of
solutions according to their performance compared to the others. In other words, this method quantifies the
extent to which each option outranks all others.

Following this method, one solution (Sol,) is said to outrank another option (Soly) if and only if Sol, is at least
as good as option Soly, for all the criteria and strictly better in at least one. The main difficulty/disadvantage of
almost all the ELECTRE methods is that an outranking relation must be constructed beforehand and this
implies a strong source of subjectivity as commented by [28] and later on confirmed by [29]. However, this
difficulty is totally overpassed in ELECTRE-IV method as described in [30] and proved by Shanian et al. [31]

by using four parameters to systematically construct fuzzy outranking relationships. Those parameters express
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the thresholds at which the option will be considered preferred, indifferent, undesirable or infeasible for each
criterion. Making use of those thresholds, the outranking relationships define the dominance of each solution
over the remaining ones for each criterion under evaluation. Indeed in Fig. 4, a graphical description of the
solution selection procedure is illustrated.
After applying the thresholds, one solution (Sol,) can be classified as strictly and weakly preferred, indifferent
or equal compared with another solution (Soly,). After defining the preference relationships for each pair of
options, they are traduced to its numerical equivalence, following the traditional assumption: 1, 0.8, 0.6 and
0.4 for strictly, weakly, indifferent and equally preferred, respectively. Therefore, a new normalized matrix is
obtained and a ranking procedure is applied as follows:

e Construct a partial preorder KO, and KO,

e Construct the complete preorder KO =KO; n KO, as the final result.
KO, and KO, are constructed through a descending and ascending distillation procedure, respectively
[28].The combination of these two partial preorder alternatives provides a unique and robust descending
desirability hierarchical ordered list. For more details regarding the ELECTRE methodologies (Including
ELECTRE-IV) and its application the reader should refer to [28] and [29]. Without loss of generality,
ELECTRE-IV method is applied to identify the most appealing solution from the set of solutions obtained

after solving Model P by applying the SAA solution strategy.

a) S‘al (b)
(- 1
L 1
Ga -Qp da Qb
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I
¥
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Fig. 4. Representation of thresholds application: a) represents an indifference situation since the indifference area (orange and green line)
overlap the solution point. b) represents a weakly preference relation, since their indifference areas do not overlap, but the preference area
does (blue dotted line). c) represents a strict preference relation since the preference and indifference thresholds are clearly
distinguishable.
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4. Case study

The design-planning problem is formulated as a two-stage Mixed Integer Linear Program (MILP) based on a
real case study first studied by Pérez-Fortes et al. [20]. Particularly, this case study is related to a bio-based
energy supply chain located in Ghana, using gasification technology. It consists of an energy generator system
with several units and energy consumers under uncertain conditions (biomass availability and quality). More
precisely, the nine small communities of the Atebubu-Amantin district (rural area of Ghana, Africa) constitute
the supply chain case study. This case study includes 40 different biomass states (s) and six different
equipment technologies (j), which represent the different treatment, pre-treatment and means of
transportation. The set of activities i comprises 79 elements for each pair of biomass state-processing and
biomass state-transportation activities. The set f consists of 31 locations, including nine suppliers, nine
possible pre-treatment/treatment sites, nine markets sites and four potential sites in which a treatment unit can
be installed. The project is evaluated along a planning horizon of 10 years with an annual interest rate of 15%.
Detailed description about the technologies used in this work can be found in Appendix A. It is also important
to mention that the scope of this paper is to propose a useful strategy to overcome the challenges associated to
a MOO problem under uncertainty. Therefore, technical challenges related to temporal electricity supply (e.qg.,
electricity storage, switching on/off the transfer grid, availability of power supply in a certain hours of a day
etc.) are out of the scope of the paper. Additional studies extending this formulation and including electricity
supply challenges are required to explore the effect on the economic, environmental and social performances.

Cassava crop is a common tropical crop mainly used to provide food. Currently cassava waste is widely used
for multiple purposes including fertilization, ethanol and biogas production. In this work the use of cassava
rhizome for energy production will be evaluated. Cassava availability, Lower Heating Value and moisture
content (LHV and MC respectively) are the main properties under analysis. Their average values for each
community are shown in Table 1 and were obtained through historical data. Those parameters were
considered as the uncertain parameters and modeled through a normal distribution. Particularly, 50 scenarios
were generated via Monte Carlo sampling in order to discretize the normal distributions, assuming the mean
values in Table 1 and a variance of 30%. It is important to highlight that Monte Carlo sampling is less
efficient than other sampling techniques. However, here it is used as a crude method to illustrate the

generation of scenarios. It is important to mention that parameters values are highly dependent to climate
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conditions. For example, for a dry season, the total availability decreases as well as the water content,
however in the same environment the LHV is expected to increase. Hence, uncertain parameters are assumed
to be correlated.

Table 1. Average values for biomass properties at each community in Atebubu-Amantin district.

Water” LHV(MJ/kg) Availability (t)
Senso 0.425 10.61 12.74
Old Konkrompe 0.426 10.56 24.39
Fakwasi 0.427 10.51 81.10
Kunfia 0.429 10.46 122.18
Trohye 0.431 10.40 16.22
Bompa 0.432 10.34 22.07
Nwunwom 0.434 10.28 5.272
Boniafo 0.436 10.22 21.08
Abamba 0.438 10.15 28.15

* These values are expressed as a weight fraction

The geographic characteristics of this community allow us to define drying and chipping as the potential pre-
treatments since they are more suitable for rural areas in developing countries. Cassava waste is pre-processed
before gasification to obtain the required shape and MC for further processing steps. Each community
represents one single supplier-production-consumer site. However, pretreatment and/or treatment sites can be
installed in each community and at the same time this community acts as energy consumer (customer). Those
communities could be connected to a specific-built low voltage or medium voltage micro grid (LV and MV
respectively). The main difference among them is that LV supplies energy within the community and the MV
connects different communities considering the associated investment cost.

Without loss of generality the LCA indicator Impact 2002+ was quantified using data from the Ecoinvent
database [32] in accordance with the technical report used in the based paper [33]. In order to produce a
representative value from the environmental analysis, the main environmental impacts under analysis includes
the traditional 15 mid-point categories (including carcinogens, non-carcinogens, respiratory inorganics,
ionizing radiation, ozone layer depletion, respiratory organics, aquatic ecotoxicity, terrestrial ecotoxicity,
terrestrial acid, land occupation, aquatic acidification, aquatic eutrophication, global warming, non-renewable
energy and mineral extraction) associated to biomass production (cassava waste obtaining), transportation by
tractors, pre-treatments (chipper and dryer) and generation of electricity through biomass gasification. For
further details on LCI values, see [34]. Additionally, detailed information about the environmental analysis of

this case study can be found in [20].
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The mathematical model has been written in GAMS and solved using CPLEX 11.0 on a PC Intel(R)
Core(TM) i7-2600M CPU 2.70 GHz and 16.00 GB of RAM. The deterministic model contains 17,328
equations, 144,703 continuous variables and 186 binary variables, while the stochastic one with 50 scenarios
has 708,444 equations, 5,108,277 continuous variables and 186 binary variables. Each iteration of the
algorithm (each solution of the deterministic model) entails a CPU time of approximately 2,700 seconds. It is
important to remember that the stochastic model that includes all the scenarios and maximize the expected
profit as unique criterion cannot be solved in less than 24h (86,400s) due to CPU limitations (i.e., after this
CPU time, CPLEX is unable to close the optimality gap below 5% even when optimizing only the expected
profit; consequently, larger CPU times are expected when dealing with multiple objectives). Details on the SC
are provided next.

The aim of the proposed formulation is to select the most suitable processing units (including their capacity
and location), the best way to interconnect the various elements of the supply chain (i.e., providers,
intermediates and consumers), and adequate biomass cycle storage and transport flows in order to make the
best use of biomass as feedstock. In order to perform a feasible comparison, the model described in this work
(Model P) is solved under deterministic and stochastic conditions (i.e. for average values of the uncertain
parameters and also considering all the uncertain scenarios simultaneously, respectively). The above will
allow us to promote a discussion and highlight the effect of the new elements now considered under a fair
comparison environment.

4.1. First case. Deterministic solution analysis

In this case the biomass availability and properties are assumed known beforehand (See Table 1) and constant
across the entire time horizon (i.e. no solution generation is required). Multi-objective optimization (MOO) is
carried out in this case, including economic, environmental and social performance (NPV, ImpactZ2%2,,, and
SoC respectively) using the well-known g-constraint formulation. Accordingly, lower and upper values for
each objective are obtained through their individual optimization and displayed in Table 2. Note that the
results while optimizing NPV are highly similar to those in the environmental friendly scenario. Particularly,
the economic performance corresponding to the configuration that maximizes the NPV is $2.35x10°, which
represents the maximum NPV that can be obtained in this case study. This value drops to 8% (Table 2) for the

environmental friendly network while, for the socially friendly network the economic performance is reduced
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to $0. Logically, this result is highly undesirable and provides a lower bound on the economic performance.

While optimizing NPV, the value of Impact2392,,, keeps a considerably low value since this is reduced just

in a 3%, compared with their best performance (Impact22?,,, optimization). On the contrary, while
optimizing SoC, the environmental impact and economic objective reach both their worst performance. The
above is mainly because of the highly transportation and production emissions, as well as to the costs,

associated with such a solution.

Table 2. Individual performances at each single objective optimization

Optimization
Economic Environmental Social
NPV ($) 235853 19919 0
Impact?092 ., 0.657 0.636 0.9
SoC 15 19 27

It is important to notice that in the case of SoC the maximum value considered was 27. This is because the
social impact considered only those pretreatment/treatment units installed at the community points and not in
external sites. The associated networks of each individual optimization are presented in the Figs. 5-7. In
general four types of matter and energy flows are presented disregarding the time period when the distribution
is performed. Those flows represent the distribution of raw material, dried and chipped matter, and finally the

energy among sites.
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o
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Fig. 5. Optimum network configuration for the economic criteria (NPV). Axes are in km. Each line represents the material/energy
distribution among communities. Green dotted lines represent the raw material, golden dotted lines represents dry material, while orange
lines represents the chipped material and finally purple lines represents the energy distribution.
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Fig. 5 depicts the network among communities that maximizes the NPV, while Table 3 describes the units
installed at each site. The model decides to install an energy generation system (G-ICE) in almost all the
communities (6 of the 9 communities), while pre-processing facilities were allocated in only four sites. Those
sites are strategically located to best handle the biomass of all the communities, thereby reducing the
transportation costs. According with Table 3, the minimum chipping capacity is installed in all the
communities (0.1t/h), which is enough to process all the needed cassava waste. Therefore, fluxes of raw
material allow to centralize the pretreatment sites in the largest communities, which positively contributes to

minimize the Impact292,,;.
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Fig. 6. Optimum network configuration for the environmental criteria (Impact2392,;,). Axes are in km. Each line represents the
material/energy distribution among communities. Green dotted lines represent the raw material, golden dotted lines represents dry
material, while orange lines represents the chipped material and finally purple lines represents the energy distribution.

The network associated to the minimization of Impact22%2%,,, is displayed in Fig. 6. It can be noticed that this

network reduces the material and energy exchanges among facilities, since this option only distributes
chipped material (orange lines). Therefore, the reduction of environmental impact is due to the reduction in
transportation tasks (emissions) and this, consequently, leads to a necessity of more pre-treatment/treatment
units, thereby increasing the overall installation cost (almost one per site, reaching an investment cost higher
than $1.2x10°). This is clearly illustrated in Table 3, in which more installation of pretreatment and treatment

units is displayed if compared with the best NPV network. Additionally, Table 3 shows the installed capacity
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at all the sites, which take similar values than those in the maximum NPV case, except for the case of Kumfia
which increase the G-ICE capacity.

Finally, the network associated to the maximum SoC is the most complex due to the large mass flows
between locations (see Fig. 7). The model installs each type of unit at each location, and even if their
capacities are much lower than those in the previous cases, the economic performance is highly affected due
to unnecessary installation/transportation costs. Here, the maximum value for the social criterion (27) was
obtained installing three units per community site. Therefore, it can be highlighted that pretreatment/treatment
units are installed and then operated to meet the demand. Thus, an inefficient management and use of
resources is obtained providing a negative impact on the sustainability of the network (i.e. worst performance
for economic and environmental objectives). Even if cassava waste is produced by each community and, in
this design all the communities have pretreatment/treatment sites (partially energy sufficient), there is a
considerable amount of distributed material. This is due to the flexibility of the proposed formulation in which
a combination of different quality materials from different sites is allowed. The above proves that the material
distribution for mixing purposes is cheaper than pretreating the material at each site, ultimately leading to
better economic performance. This positive impact due to the explicit consideration of raw material quality is
also present in the NPV and Impact2922,,, networks (Fig. 5 and 6, respectively), nevertheless its presence is

not as evident as in this last design.
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Fig. 7. Optimum network configuration for the social impact (SoC). Axes are in km. Each line represents the material/energy distribution
among communities. Green dotted lines represent the raw material, golden dotted lines represents dry material, while orange lines
represents the chipped material and finally purple lines represents the energy distribution.
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Table 3. Equipment capacity for the optimum networks configurations obtained for the three selected criteria.

NPV Optimization Impact Optimization Social Optimization
Dryer (t/h) Chipper (t/h) G-ICE (kW,) Dryer (t/h) Chipper (t/h) G-ICE (kW,) Dryer (t/h) Chipper (t/h) G-ICE (kW)
Senso 0.1 0.1 18.0
Old Konkrompe 0.1 0.1 18.0 0.1 0.1 18.0 0.1 0.1 37.7
Fakwasi 0.2 0.1 63.6 0.2 0.1 63.5 0.1 0.1 63.5
Kumfia 0.3 0.1 101.3 0.3 0.1 122.0 0.2 0.1 132.0
Trohye 18.0 0.1 0.1 18.0 0.1 0.1 18.0
Bompa 0.1 0.1 18.0
Nwunwom 0.1 18.0 0.1 18.0 0.1 0.1 75.0
Boniafo 0.1 0.1 18.0
Abamba 0.1 18.0 0.1 0.1 285 0.1 0.1 18.0
Extrasitel 18.0
Extrasite2
Extrasite3 31.86
Extrasite4
NPV = 1,71x10°
Impact?992 ., = 0,724
S0G— 16
1.80e+5

1.75e+5
I 1.45e+5
1.70e+5 El 1.50e+5
I 1.55e+5
& B 1.60e+5
= 1.65e+5 [ 1.65e+5
& [ 1.70e+5
= 1.60e+5 N 1.75e+5
[ 1.80e+5

1.55e+5

1.50e+5
1.45e+5 - =
082 80 18 °
&, o078 ) 1)
¥ Doy, 076 < 2 po\“‘
ec’ 0.74 - s 22 0‘1
‘ry, 072* 24 yoe?
,”\57 0.70 - & 2 soc\a\

Fig. 8. 3-D representation of the Pareto solutions for the three objectives including the allocation of the overall solution in the feasible
solution space.

In the last part of this section, the analysis of the extreme solutions is presented. In order to produce a
meaningful solution comparison, the three objectives were analyzed simultaneously using the well-known -
constraint method. After applying the e-constraint method, 65 solutions networks were found. As a result, a
Pareto frontier was built representing a feasible surface space for the NPV vs Impact2392,,,vs SoC problem
(see Fig. 8). It is important to highlight that each point in this surface represents a potential feasible optimal
solution. From Fig. 8, it is evident that as the SoC objective increases, the NPV decreases while
Impact292? ., increases as well, proving their conflicting behaviors. When the social criteria range from 15 to

22, there is no significant change in the economic and environmental performance. However, for values
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greater than 22 in the social criteria, the performance of the others gradually decreases. It is worth to mention
that this surface ranges from $1.49x10° to $1.73x10° and from 0.68 to 0.86 for the economic and
environmental performance, respectively.

Ranking solutions

An infinite number of feasible solutions exist. To select the preferred solution, the ELECTRE-IV method has
been applied in accordance with the procedure described in section 4.3. The preference, indifference and
infeasible thresholds for each one of the criteria used in this work are presented in Table 4.

Table 4. Thresholds values for the three objectives considered in this case study.

Criteria
Thresholds
NPV ($) Impact2092 ., SoC
Indifference (q) 149667.79 0.65 15.00
Preference (p) 168687.72 0.70 24.00
Veto (v) 173442.70 0.85 27.00

The thresholds must reflect the preferences of a decision maker under realistic conditions. In this particular
case, the indifference threshold for the NPV corresponds to its lowest feasible value. The preference threshold
for the NPV is set as 80% of its maximum value, while the veto thresholds is set as the maximum NPV value.
Similar assumptions were used for the thresholds definitions for the remaining criteria. Using the above
thresholds, the ELECTRE-IV method was next applied to evaluate the 65 resulting feasible optimal solutions.

Table 5 illustrates the solutions sorted according to their desirability as a function of the preference

thresholds.
Table 5. Ranked solutions according to its dominance for this case study.

Ranking Solution

1 2

2 48

3 47

4 1,6,7,8,16,17,18,,21, 22, 26, 27, 31, 32, 36, 37, 41, 42, 50, 52-63, 65

5 11,48

6 3,5,9, 10, 13, 15, 19, 20,23, 28, 29, 30, 33, 35, 38, 40, 43, 45, 49

7 4,14, 24

8 34, 39, 44

From Table 5, solution 2 was found as the overall dominant solution according to the decision makers’
preferences. For this solution, the NPV value is $ 1.71x10°, and the environmental and social impact are
0.724 and 16, respectively. The above solution entails a reduction of 2%, 15% and 40% form the best possible

economic, environmental and social performance values, respectively. From an overall perspective, solution
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2 represents a good performance. Fig. 8 shows the selected solution within the solution space. Additionally,

Fig. 9 shows the network associated to solution 2.
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Fig. 9. Optimum network configuration selected using ELECTRE-IV method. Axes are in km. Each line represents the material/energy
distribution among communities. Green dotted lines represent the raw material, golden dotted lines represents dry material, while orange
lines represents the chipped material and finally purple lines represents the energy distribution.

It is important to highlight that this design highly depend on the definition of the thresholds for each criteria,
therefore, another global overall solution can be found using different thresholds. From Fig. 9 it can be
noticed that the final network is slightly different to that one associated to the best economic performance by
reducing the amount of material distributed (Raw and chipped) at the expenses of treating that material at
each particular site. Even with this small reduction in the final profit the use of this approach reduces the
subjectivity in the selection procedure, since the solution comparison is carried out under fair and equal
conditions.
4.2. Second case. Stochastic solution approach.

In this section, Model P is solved via the SAA algorithm described in sections 3.1 and 3.2. More precisely, for
this model 50 scenarios were defined to model the MC, LHV and availability uncertainties. Hence, 50
different SC’s designs were obtained. The economic performance was expressed through its associated
expected value (ENPV), while the environmental performance was represented as the worst environmental

scenario, and social objective as the sum of the binary variables regarding unit installation.
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The 50 solutions obtained after applying the proposed approach were evaluated through the ELECTRE-IV

method in order to compare all the solutions with each other. As in the first case, ELECTRE-IV method

provides a ranking for the 50 possible solutions as a function of the thresholds parameters defined by the

decision maker (See Table 6).

Table 6. Ranked solutions according to its dominance for this case study

Ranking Solution
1 9
2 18
3 4
4 12, 37
5 29
6 1-3,5-11, 13-17, 19-28, 30-36, 38-50

The following Fig. 10 shows the scheme associated to best overall solution obtained after applying the

proposed solution selection strategy.

Distance(km)
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Fig. 10. Resulting robust network. A golden and orange dot represents the dryer and chipper pretreatments units, respectively. Similarly,
green point represents the energy production system, while a purple line represents the micro-grid in order to allow the energy exchange

among communities.

From Fig. 10, it can be noticed how all the pretreatment activities are performed at strategic locations. Those

activities are highlighted in a color scheme. Additionally, Table 7 shows the capacities installed at each

equipment unit to provide a robust structure for the complete uncertain solution space. This solution

centralizes the treatment/pre-treatment units in just 4 sites. More precisely, Chipper units are installed near to

its lower capacity (0.1 t/h), while Dryer ones shows a larger capacity in three cases. On the other hand, the G-
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ICE systems capacity installed vary according to its localization. For example, gasifiers with low capacity are
installed near the smallest communities, while the two gasifiers with highest capacity are located close to the
largest communities in order to property satisfy the energy demand and minimize at the same time the
transportation tasks. It is important to remember that the material flows highly depend on the conditions of
each scenario.

Table 7. Equipment capacity for the robust networks configuration.
Dryer (t/h) Chipper (t/h) G-ICE (kW,)

Senso

Old Konkrompe 0.17 0.1 168.98
Fakwasi 0.24 0.1 241.74
Kumfia 0.31 0.12 316.93
Trohye

Bompa

Nwunwom

Boniafo

Abamba 0.1 0.1 97.48
Extrasitel

Extrasite2

Extrasite3

Extrasite4

The above superstructure has an expected profit of $ 1.54x10°, while the remaining objectives achieve a value
of 0.73 and 12, which represents a deterioration of 10%, 1% and 25% for the economic, environmental and
social objectives, respectively, if compared with the solution with the best overall performance seen in the
first case (i.e. Deterministic solution obtained using the ELECTRE-IV method). Note that this direct
comparison might not be very insightful, as both designs are evaluated under different conditions. Hence, a
more sophisticate comparison is described in the next section.
4.3. Deterministic and Stochastic design comparison.

A value of information analysis (VIA) was performed to quantify the performance reduction associated with a
particular decision [35]. Let us consider the expected performance resulting from the solution for the second
case (i.e. stochastic solution) and the solution for the first case (i.e. deterministic solution). Then, the
difference between the stochastic and deterministic objectives represents the impact associated to neglecting
uncertainties.

In order to properly apply the VIA, the designs obtained under deterministic and stochastic conditions in the

first and second case studies must be fixed. Then, the problem has to be solved for their counterpart
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conditions (i.e. deterministic design under uncertain conditions and vice versa). The optimal values for each
objective are shown in Table 8.

From Table 8, it can be seen how the deterministic design under stochastic conditions reach a deterioration of
8.57% and 4.16% for the economic and environmental performance. This means that the deterministic design
is efficient only for specific and known parameters, however, when the situation change this network
performs under suboptimal conditions (reducing the net revenues). On the contrary, the stochastic design
evaluated under deterministic conditions reach a reduction of 52% and 36% for economic and environmental
performance. This reduction seems important, however, it means that the stochastic design reduces the
potential benefits under certain unfavorable conditions of uncertainty, but entails an increase in its average
performance for the entire uncertain space. Therefore, this analysis demonstrated the utility of explicit and
uncertain formulation when some of the required parameters are unknown.

Table 8. Equipment capacity for the robust networks configuration.

Deterministic Design Stochastic Design
NPV($) Impact?0%?., SoC NPV($)  Impact20%,., SoC
Deterministic ;77 547 0.72 16 Deterministic 5 79q 1.15 12
conditions conditions
Stochastic 55 54 0.75 16 Stochastic ;5 gqg 0.73 12
conditions conditions
Value of 8.57 -4.16 0 5248 36.52 0

Information”

. This value is expressed in %

5. Conclusions

In this work, a systematic method to support the supply chain optimal design under uncertain raw material
conditions has been proposed. This strategy allows optimizing a stochastic multi-criteria problem considering
the quality of different streams. Our method consists of a STN formulation combined with a decomposition
strategy to produce a flexible formulation while reducing the computational effort required to solve the
problem. Additionally, the ELECTRE IV method was presented as a tool to take a final decision in a quick
and systematic way, thus facilitating decision-making tasks and avoiding subjectivity in the selection of the
final solution.

The capabilities of this approach have been successfully proved using as a test bed a multi-scenario multi-

objective design and planning of a bio-based supply chain problem. It has been found that this method allows
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managing different material flows with different properties in a sustainable way, thus ensuring an energy
supply and reducing operational costs.

Furthermore, this approach can be used in different engineering problems in which material flows quality
must be considered explicitly. In the future, the combination of this method with alternative decomposition
strategies and scenarios reduction methods will be explored. Besides, additional works involving energy
supply issues will be further investigated to increase the robustness of the final solution in real life energy

supply chains.

Nomenclature

Abbreviations
MO Multi-objective
SC Supply chain
MOO Multi-objective optimization
MILP Mixed integer linear programming
PSE Process system engineering
SAA Sample average approximation
STN State Task Network
LCA Life Cycle Assessment
LCI Life Cycle inventory
IS Industrial Symbiosis
G-ICE Gasifier internal combustion engine
LV Low voltage
MV Medium voltage
LHV Lower heating value
MC Moisture content
O&M Operation and maintenance
MILP Mixed integer linear programming
VI Value of information
MFP Micronized food products
ANN Artificial Neuronal Network
Indices
S Material State
j Technology (Treatment/Pre-treatment equipment’s)
i Task
f Origin sites
f Destination sites
t Time period
c Scenarios
k Interval for Piecewise approximation (Economies of scale)
e Supplier site
m Market site
a Midpoint environmental category
g Endpoint damage category
Sets
T Task that produce material s
T, Task that consume material s
C Set of scenarios
Erm Suppliers e that provide raw materials
E“pmd Suppliers e that provide production services
E,, Suppliers e that provide transportation services
FP Materials s that are final products
I Task i with variable input
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Tasks i that can be performed in technology j

Je Technology j that is available at supplier e
Ir Technology that can be installed at location f
J; Technology that can perform task i
Istor Technologies to perform storage activities
Mkt Market locations
Ntr Not transport tasks
RM Materials s that are raw materials
Sup Supplier locations
Tr Distribution tasks
RS Raw set of solutions
x* Optimal set of solutions for scenario ¢
o) Space of uncertain parameters
KO, Ascending pre-ordered set of solutions
KO, Descending pre-ordered set of solutions
Parameters
Agfec Maximum availability of raw material s in period t in location f and for scenario ¢
Demgy, Demand of product s at market f in period t
Distancesf, Distance from location f to location f*
FCF]jft Fixed cost per unit of technology j capacity at location f in period t
FE/fpt Increment of capacity equal to the upper limit in interval k for technology j in facility f
rate Discount rate
Invest™¥  Investment required for medium voltage
M Big positive number
NormkF, Normalizing factor of damage category g
Pricegs; Price of product s at market f in period t
Pricelimit Inv_e_stment required for an increment of capacity equal to the upper limit of interval k for technology j in
ifie facility
Tortuosity Tortuosity factor
Water, Moisture for material s and scenario ¢
Water'*  Maximum moisture for task i performed in equipment j
Asij Mass fraction of task i for production of material s in equipment j
Qi Mass fraction of task i for consumption of material s in equipment j
Bjs Minimum utilization rate of technology j capacity that is allowed at location j
Cag g endpoint damage characterization factor for environmental intervention a
Oijrs Capacity utilization rate of technology j by task i whose origin is location f and destination location f”
pg;f,t Unitary transportation costs from location f to location f” during period t
Zutl Unitary cost associated with task i performed in equipment j from location f and payable to external
sfet supplier e during period t
Fut Unitary cost associated with handling the inventory of material s in location f and payable to external
sfet supplier e during period t
Xest Unitary cost of raw material s offered by external supplier e in period t
Environmental category impact CF for task i performed using technology j receiving materials from node f
Vijssra and delivering it at node f*
ll)iTja Environmental category impact CF for the transportation of a mass unit of material over a length unit
Ac Uncertain parameters vale
q Indifference threshold
p Preference thresholds
v Veto thresholds
Prob, Probability of occurrence of scenario ¢
Variables
DamCgyre  Normalized endpoint damage g for location f in period t and scenario ¢
Damcgf Normalized endpoint damage g along the whole SC for scenario ¢
EPurch,;. Economic value of sales executed in period t during scenario ¢
ESales,, ~ Economic value of sales executed in period t and scenario ¢
FAsset,.  Investment on fixed assets in period t and scenario ¢
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FCostsc
Fyfec

FEjfec

HVge

ICaftc
Impact?2°?

2002
Impactyer,

NPV,
Pijrpiece
Profitse.
Pvgijfee

Purchl;
Purchl*
Purch!;
Salessgritc

Fixed cost in facility f for period t and scenario ¢

Total capacity technology j during period t at location f and scenario ¢

Capacity increment of technology j at location f during period t and scenario ¢

Lower heating value for material s during scenario ¢

Mid-point a environmental impact associated to site f which rises from activities in period t and scenario ¢
Total environmental impact for site f and scenario ¢

Total environmental impact for the whole SC

Economic metric for a deterministic case (just one scenario c)

Specific activity of task i, by using technology j during period t, whose origin is location f and destination
is location f” and scenario ¢

Profit achieved in period for each facility f at time period t and scenario ¢

Input/output material of material s for activity of task i with variable input/output, by using technology j
during period t in location f and scenario ¢

Amount of money payable to supplier e in period t associated with production activities

Amount of money payable to supplier e in period t associated with consumption of raw materials
Amount of money payable to supplier e in period t associated with consumption of transport services
Amount of product s sold from location f in market /” in period t and scenario ¢

Ssftc Amount of stock material s at location f in period t and scenario ¢
SoC, Surrogate social metric at each scenario ¢
x First stage decision variables
Ve Second stage decision variables
Sol, Solution 1 performance to compare in ELECTRE-IV
Sol,, Solution 2 performance to compare in ELECTRE-IV
ENPV Expected net present value
ESoC Expected social performance
Binary Variables
Vit Technology installed at location f in period t and scenario ¢
Zsfic Facilities f and f” interconnected by a medium voltage line during scenario ¢
SOS2 variable
Variable to model the economies of scale technology j in facility f at period t as a piecewise linear
Sifwe function

Acknowledgements

The authors would like to thank the financial support received from the Spanish Ministry of Economy and

Competitiveness and the European Regional Development Fund, both funding the Project ECOCIS

(DPI12013-48243-C2-1-R), the Spanish "Ministerio de Ciencia y Competitividad", through the project

CTQ2016-77968-C3-1-P, the Generalitat de Catalunya (project 2014-SGR-1092-CEPEIMA) and the Mexican

“Consejo Nacional de Ciencia y Tecnologia (CONACYT)”.

References

[1] Ten Kate, AJB. PSE for problem solving excellence in industrial R&D. Comput Chem Eng 2016;

89:127-34.

[2] Guillén-Gosalbez G, Grossmann I. A global optimization strategy for environmentally conscious design

of chemical supply chains under uncertainty in damage assessment model. Comput Chem Eng

2010;34:42-58.

24




O 00 N o v b~ W N R

w W N N N N N N N N NN R R R, RRP, R R, R, R R
R O W 00 N O U»u & W N P O O 0 N o0 0 b W N = O

(3]

(4]

(5]
(6]

(7]

(8]

[0l

[10]

[11]

[12]

[13]

[14]

(18]

[16]

Rojas-Torres MG, Napoles-Rivera F, Ponce-Ortega JM, Serna-Gonzalez M, Guillén-Gosalbez G,
Jiménez-Esteller L. Multiobjective Optimization for Design and Operating more Sustainable Water
Management Systems for a City in México. AIChE Journal 2015;61:2428-46.

Guillén-Gosalbez G, Grossmann I. Optimal Design and Planning of Sustainable Chemical Supply
Chains Under Uncertainty. AIChE Journal 2009;55:99-121.

Jacobsen NB. Industrial symbiosis in Kalundborg, Denmark. J Ind Ecol 2006;10:239-55.

Chertow M, Ehrenfeld J. Organizing Self-Organizing Systems: Toward a Theory of Industrial
Symbiosis. J Ind Ecol 2012;16:13-27.

van Berkel R. Quantifying sustainability benefits of industrial symbioses. J Ind Ecol 2010;14:371-3.
Cecelja F, Raafat T, Trokanas N, Innes S, Smith M, Yang A, et al. E-Symbiosis: Technology-enabled
support for Industrial Symbiosis targeting Small and Medium Enterprises and innovation. J Clean Prod
2015;98:336-52.

Mikulandri¢ R, Bohning D, Bohme R, Helsen L, Beckmann M, Loncar D. Dynamic modelling of
biomass gasification in a co-current fixed bed gasifier. Energy Convers Manag 2015;125:264—76.

Sepe AM, Li J, Paul MC. Assessing biomass steam gasification technologies using a multi-purpose
model. Energy Convers Manag 2016; 129:216-26.

Mirmoshtaghi G, Skvaril J, Campana PE, Li H, Thorin E, Dahlqust E. The influence of different
parameters on biomass gasification in circulating fluidized bed gasifier. Energy Convers Manag
2016;126:110-23.

Liu Z, Qiu T, Chen B. A study of the LCA based biofuel supply chain multi-objective optimization
model with multi-conversion paths in China. Appl Energy 2014; 126:221-34.

Gebreslassie B., Yao Y, You F. Design Under Uncertainty of Hydrocarbon Biorefinery Supply Chains:
Multiobjective Stochastic Programming Models, Decomposition Algorithm, and a Comparison Between
CVaR and Downside Risk. IFAC Proc Vol 2012; 58:2155-79.

Birge J, Louveaux F. Introduction to stochastic programming. Second Edition. New York: Springer;
2011.

Al-e-Hashem SMJM, Baboli A, Sazvar Z. A stochastic aggregate production planning model in a green
supply chain: Considering flexible lead times, nonlinear purchase and shortage cost functions. Eur J
Oper Res 2013; 230:26-41.

Bidhandi MH, Yusuff MR. Integrated Supply Chain planning under uncertainty using an improving
stochastic approach. Appl Math Model 2011; 35:2618-30.

25



O 00 N o v b~ W N R

w W N N N N N N N N NN R R R, RRP, R R, R, R R
R O W 00 N O U»u & W N P O O 0 N o0 0 b W N = O

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

You F, Grossmann IE. Stochastic inventory management for tactical process planning under
uncertainties: MINLP Models and Algorithms. AIChE J 2011; 57:1250-77.

Li P, Arellano-Garcia H, Wozny G. Chance constrained programming approach to process optimization
under uncertainty. Comput Aided Chem Eng 2006; 21:1245-50.

Kisomi MS, Solimanpur M, Doniavi A. An integrated supply chain configuration model and
procurement management under uncertainty: a set-based robust optimization methodology. Appl Math
Model 2016; 40: 7928-47.

Pérez-Fortes M, Lainez-Aguirre JM, Arranz-Piera P, Velo E, Puigjaner L. Design of regional and
sustainable bio-based networks for electricity generation using a multi-objective MILP approach. Energy
2012; 44:79-95.

Lainez-Aguirre JM, Pérez-Fortes M, Puigjaner L. Strategic Planning of Biomass Supply Chain
Networks for Co-combustion Plants. In: You F, editor. Sustainability of Products, Processes and Supply
Chains Theory and Applications. Amsterdam, The Netherlands: Elsevier; 2015, p.453-74.

Gutsch M, Lasch-Born P, Littger AB, Suckow F, Murawski A, Pilz T. Uncertainty of biomass
contributions from agriculture and forestry to renewable energy resources under climate change.
Meteorol Zeitschrift 2015; 24:213-23.

Medina-Gonzélez S, Pozo C, Corsano G, Guillén-Gosalbez G, Espufia A. Using Pareto Filters to
Support Risk Management in Optimization Under Uncertainty: Application to the strategic planning of
chemical supply chains 2016. doi:doi.org/10.1016/j.compchemeng.2016.10.008.

Shabbir A., and Shapiro A.. 2002. “The Sample Average Approximation Method for Stochastic
Programs with Integer Recourse.” STAM Journal on Optimization, 24

Kostin A. M., Guillén-Gosalbez G., Mele F. D., Bagajewicz M. J., and Jiménez L. 2012. “Design and
Planning of Infrastructures for Bioethanol and Sugar Production under Demand Uncertainty.” Chemical
Engineering Research and Design 90 (3), 359-76.

Li C, Zhou J, Ouyang S, Ding X, Chen L. Improved decomposition—coordination and discrete
differential dynamic programming for optimization of large-scale hydropower system. Energy Convers
Manag 2014; 84:363-73.

Roy B. The outranking foundations approach and the foundations of electre methods. Theory Decis
1991; 31:49-73.

Rogers M, Bruen M, Maystre L-Y. Electre and decision support: Methods and Applications in

Engineering and infrastructure investment. New York: Springer; 2010.

26



O 00 N o v b~ W N R

N N RN N N N N N NN P P R R P R R R p p
© 0 N O L A W N P O W 0 N OO0 1 M W N P, O

30
31

[29] Figueira JR, Greco S, Roy B, Slowinski R. An Overview of ELECTRE Methods and their Recent
Extensions. J MultiCriteria Decis Anal 2013; 20:61-85.

[30] Hokkanen J, Salminen P. ELECTRE Il and 1V Decision Aids in an Environmental Problem. J Multi-
Criteria Decis Anal 1997;6:215-26.

[31] Shanian A, Savadogo O. A non-compensatory compromised solution for material selection of bipolar
plates for polymer electrolyte membrane fuel cell (PEMFC) using ELECTRE IV. Electrochim Acta
2006;51:5307-15.

[32] Ecoinvent Centre. The Ecoinvent database. V2.0, Tech. rep., St. Gallen, Switzerland: Swiss Centre for
Life Cycle Inventories; 2008.

[33] PRé-Consultants. Simapro 7.1.6. Tech. rep., Amersfoort, The Netherlands: PRé-Consultants; 2008.

[34] Pérez-Fortes M. Conceptual design of alternative energy systems from biomass, Ph.D. thesis, UPC,
Barcelona, Spain, Full version in: http://tdx.cat/ handle/10803/37913 (2011)

[35] Bernardo FP, Saraiva PM. Value of information analysis in product/process design. Comput Aided
Chem Eng 2004;18:151-6.

[36] Stassen HE. Small-scale biomass gasifiers for heat and power: a global review. World Bank Tech Pap
1995;60:61.

[37] Velazquez-Marti B, Ferndndez-Gonzalez E. Analysis of the process of biomass harvesting with
collecting-chippers fed by pick up headers in plantations of olive trees. Biosyst Eng 2009; 104:184-90.

[38] Hamelinck CN. Future prospects for production of methanol and hydrogen from biomass. J Pow Sou
2002; 111:1-22.

[39] Hamelinck CN, Suurs RAA, Faaij APC. International bioenergy transport costs and energy balance.
Biomass and Bioenergy 2005; 29:114-34.

[40] Enabling Modernization of the Electric Power System. Technology Assessment Review for the U.S.
Department of Energy, http://energy.gov/sites/prod/files/2015/09/f26/QTR2015-03-Grid.pdf; 2015
[accessed 22.11.16].

[41] Bojarski AD, Lainez JM, Espufia A, Puigjaner L. Incorporating environmental impacts and regulations
in a holistic supply chains modeling: An LCA approach. Comput Chem Eng 2009; 33:1747-59.

[42] Lainez, JM, Kopanos G, Espufia, A, Puigjaner, L. Flexible Design-Planning of Supply Chain Networks.
AIChE Journal 2009; 55:1736-53.

27



10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

Appendix A

Technologies characteristics

The gasifier requires that the inlet material strictly satisfies a physical homogeneity (chipped) and a MC lower
than 20% (dried). It is assumed that chipper and dryer work an average of 8 h/d while the gasifier works in
average 16 h/d. The project has a lifespan of 10 years which is a typical length in this type of SC’s [36]. On-
field storage is allowed only before chipping and gasification. This kind of storage represents an economic
and simple option providing assurance of biomass availability against seasonality, as well as aims to reducing
pre-treatment/treatment capacities. It is important to notice that this kind of storages is only applicable for
primary waste and if secondary waste is considered other type of storage may be required.

The capacities of chipper and dryer are assumed to have the same range than those capacities employed while
processing maize in micronized food products (MFP) during one day. Those capacity ranges, the investment
and operation and management (O&M) costs are taken from the literature. The required parameters and
physical limitations used to model the activities in the mathematical formulation are described below.

1. Biomass generation. The cassava is harvested and subjected to different treatments in Food
Industries which produce a cassava waste with unpredicted properties.

2. Drying. A rotatory drum is the equipment used to decrease the inlet MC to the desire value of
20%wi/w. This unit has an energy efficiency of 99% and use diesel as utility. The diesel price is
defined as $1133.31/t and the available capacities for rotatory drums are assumed in the range of 0.1-
5 t/h [39]. In this task biomass changes its MC and LHV values proportionally to the water removed.

3. Chipping. Chipping task is mandatory, placed after drying one. It consumes electricity which is
directly taken from the G-ICE system. Chippers have 96% energy efficiency and, similarly to dryer
units, their available capacities range from 0.1 to 5 t/h [37].

4. G-ICE system. As has been commented, in this model the key parameter to control is the MC, since
complementarily with the amount of inlet air highly influence the producer gas
composition/performance. The gasification production capacity range between 5-100 kWe. The main
parameters and outputs associated to this equipment are shown in Table A.1. Here, the equipment

efficiency represents the main parameter and will impact in the amount of Biomass required [38].
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5. Transportation. Solid biomass should be distributed from its origin point to a storage place or to pre-

treatment/treatment sites by tractors. The capacity of this equipment (Tractors) was set at 10t, which

represents the upper level of tractor capacity. The price of transport task depends on the amount of

material transported and the distance among sites. Lineal distances among nodes expressed in km are

corrected through a tortuosity factor of 1.8 [39].

6. Distribution grids. This task represent another type of transportation, but this time is energy

transportation and not material. LV and MV are considered as “equipment”. The LV distribution line

has 6% losses in energy terms while MV distribution line losses are proportional to the power

demand, as indicated in [40].

Table A.1. Principal output values and specification for the - G-ICE system.

Parameters Values
Tgasif(°C) 702
Flowrate (kg/h) 35.33
LHV(MJ/kg) 6.32
CGE(%) 68
Power(kW,) 15.8
(%) 17

It is considered that the electricity demand should be partially or totally satisfied. The demand has been

estimated for each community considering a direct relationship with its population density. Particularly, the

highest gross demand is set to be 448.65 kWh/d, while the lowest is 21.17 kWh/d, as shown in Table A.2.

Table A.2. Energy demand and population distribution in Atebubu-Amantin district.

Community  Population (2010) Net demand (kWh/d) Gross demand LV (kWh/d) Gross demand MV (kWh/d)
Senso 296 42.43 45 61.63
Old Konkrompe 566 88.6 93.96 119.48
Fakwasi 1881 333.2 353.35 393.67
Kunfia 2834 423.05 448.64 501.92
Trohye 376 58.65 62.2 78.84
Bompa 512 69.88 74.11 114.43
Nwunwom 122 19.97 21.17 31.57
Boniafo 489 84.86 89.99 115.51
Abamba 653 91.1 96.61 122.13
Appendix B

In order to ease the understanding of the model, the variables and constraints are classified in four groups.

The first one describes process constraints, which provides the topology of the SC. The second one deals with

the economic metric applied, while the third refers to the environmental model used. Finally the fourth group

describes the objective function for this formulation.
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5.1. Process model

As commented before, this model is an adaptation of the model presented by Pérez-Fortes et al. [20].which
use an extended STN model representation adapted to the design and planning SC problem. The basis of this
formulation is that a node is defined for each activity (transportation, pretreatment and treatment) collecting
all the information through a single variable set. Therefore the key variable in this formulation is Py,
which represents the specific activity of task i performed using technology j receiving input materials from
site f and delivering output materials to site /' at time ¢ and for scenario c. Treatment and pre-treatment
activities are modeled considering that facility f and f’ are the same since those activities must receive and
deliver material within the same site (P;; .. ). Otherwise, for distribution activity, facilities f and f’ must be
different. This feature eases the economic and environmental metrics formulation and also facilitates the
control of inputs and outputs materials for all the activities. Notwithstanding, multiple meaningless variables
are produced increasing the required computational effort.

The SC material balances were modelled by a single equation set for all materials and echelons as stated in
the STN formulation. Those balances must be satisfied at each node of the network. The expression that
balances each material s consumed at each potential facility f in every time period t and every scenario c is

given in Eqg. (B.1). Parameter ag;; is defined as the mass fraction of material s that is produced by task i
performed using technology j; T set refers to those tasks that have material s as output, while @;; and T set

refer to a task consuming s material.

Sste = Ssft-1c = z Z Z UsijPijriec
fr i€Ts je(jinisr)

—ZZ Z siiPijsfrec

fri€Ts je(jingy)

vs, f,t,c (B.1)

Notice that the material coefficients (consumption/production factors) for a given activity are fixed and
represented by the ay;; , @ ;; parameters; however, there are activities for which the model should define an
inputs mixture in order to achieve a given value for a specific biomass property (i.e., moisture content). In

order to account for those activities the mass balance must be modified as shown in Eq. (B.2).
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sztc — Isft—1c — Z Z Z asijpijfrftc - Z Z Z &sijpijffltc

1 i€Ts je(jinigr) fr i€Ts je(jinif)

+ Z Z Pvugijfee Vs, f,t,c (B.2)
iG(TsﬂDjE(jiﬂ]_f,)

Pvugijfee
ie(TsnD je(jingr)

In order to ensure the energy balance Eq. (B.3) is defined. Here, the heating value (HV,.) for material s and
scenario ¢ changes in activity i if this task is a pretreatment one and explicitly modifies the biomass properties

or if it is a task that just changes the shape of biomass but it is receiving different kinds of biomass as input.

D Hbex Posgipee = ) HVie x Pugype vi€Lfite (B.3)

SETs seTg
Notice that the heating value for the feedstock depends on the properties of the raw material, and specifically
on their moisture content, therefore Eq. (B.4) must be satisfied. In this constraint Watery. and Water;]"™*
represents the moisture content for material s and scenario ¢ and the maximum moisture content permitted for

task i performed in equipment j, respectively.

Z Watery, * Pvg;jpec < Water{]'™* Z Pygijrec vi €lj,f,t,c (B.4)

s€s; S€S,
The combination of Eq. (B.3) and Eq. (B.4) allows reducing the energy required to dry the biomass allowing
the mixture of different quality biomass feedstocks. Therefore both the design and retrofit of SCs will be
affected by those mixtures. In this sense, Eq. (B.5) and Eq. (B.6) select the installation of the equipment
technology in the potential locations as well as its temporal capacity increase. In order to skip a complex non-
linear formulation while calculating the capacity expansion, a piecewise linear approximation in k different
intervals was applied. This formulation uses the so-called SOS2 variable ($;fxe), in which at most two
consecutive variables are non-zero. The FE}}’,?“ represents the limit of capacity expansion for interval k while
Visec is @ binary variable indicating if the capacity of technology j is expanded at site f in period t and
scenario ¢ or not. Eq. (B.7) describes the total capacity Fjs.. bookkeeping taking into account the amount

increased during planning period t (FEjz. ).
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D Eipuce * FESRI = FEype, Vi€ Jpfitc (B.5)

k
D & = Vige vjE Jpfite (.6)

k

Fiste = Fise—1c + FEjfec VjE jf:f, t,c (B.7)
In order to ensure the total production rate at each plant, Eq. (B.8) defines the boundaries for the production
rate being bigger than a minimum level (B;¢) and lower than the available capacity. This capacity is expressed
as equipment j available time during one planning period, then 6;;.., represents the time required to perform
task i in equipment j per unit of produced material. Since operation times are determined, this parameter can

be readily approximated beforehand.

BirFift-1c < Z Z Bijrrr * Pijrriee < Fife-1c Vj€ juf.tc (B.8)

fri€l;
Eqg. (B.9) guarantees that the amount of biomass s purchased from site f at each time period t is lower than an
upper bound given by physical availability Asf.. which is different at different scenarios (e.g., seasonality,
crop/plantation yield in a specific region). Eq. (B.10) aims to stablish the electrical network (i.e. if locations f’
and f are interconnected). The binary variable Z, s, has a value equal to one if f” and f are interconnected at
scenario c, and 0 otherwise; while M represents a big positive number. Additionally, the model assumes that
part of the demand can be left unsatisfied because of limited production or supplier capacity. Thus, Eq. (B.11)

forces the sales of product s carried out in market f during time period t to be less than or equal to maximum

demand.
Z Z ZPijff,tc < Agfec Vs € RM,f € Sup,t,c (B.9)
fr i€Ts jej;
Piirrite S M * Zg,pc Vs € FP,i € Mkt,f' & Mkt, t,c (B.10)
z z Zpijf’ft,c < Demgy, Vs € FP,f € Mkt,t,c (B.11)
fr i€Ts jeg;

For further model details the reader should refer to [20].
5.2. Economic model.
The expression representing the operation costs, the total capital investment, and NPV are next described in

detail. The total expected revenue obtained in any period t can be easily modelled as stated in Eq. (B.12).

ESaless, = Z z Salessppic * Pricegs,, Vfé& (Mkt USup),t,c (B.12)

SEFP fre Mkt
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Overall operating cost can be computed by means of the estimation of indirect and direct costs. The total fixed
operating cost for a given SC structure can be represented as Eq. (B.13), where FCFJ . is the fixed unitary

capacity cost of using technology j at site f.

FCosts. = Z FCF] ¢t * Fifec V¢ (Mkt USup),t,c (B.13)
j€ly
The Eq. (B.14) describes the cost of purchases from suppliere, considering raw material purchases,
transportation, and production resources at any scenario c.
EPurch,,. = Purchl® + Purch®; + Purch?; Ve,t,c (B.14)
The purchases of raw materials (Purch}: ) made to supplier e are evaluated in Eq. (B.15). The variable X,

represents the cost associated with raw material s purchased to supplier e. Transportation and production

variable costs are determined by Eq. (B.16) and Eq. (B.17), respectively. The provider unitary transportation

cost from location f to location f' during period t is represented by pg;f,t. Similarly, r}‘jg}et signifies the

unitary production cost associated to perform task i using technology j, whereas r}j-f?et represents the unitary

inventory costs of material s storage at site f. The parameter 7}, and 7}/, entails similar assumptions to

the ones considered with regard to ag;; and @, since the amount of utilities and labor required by an activity

are proportional to the amount of material processed.

Purchllt = z z zz Pijrrec * Xest VfE€EEmtc (B.15)

SERM fEF, i€Ts jEJ;

Purchgc = Z Z Z Z PijfftC * pg?f’t Ve€e Etr' t,c (B 16)
leTr je(inje) f [

Pl =SS S B

[ igTr i€Ts je(JinJe) Vee Epmd’ tc (B.17)

+ Z z sztc * Tluj?zet

s feé(Sup UMkt)
The total capital investment is calculated by means of Eq. (B.18) and Eq. (B.19). Investment costs include
those required to expand the technology’s capacity j in facility site f in period t as well as to connect two
different locations f and f’ by using a medium voltage network (Invest™"). Recall that an economy of scale

for technologies capacity is considered in which Price}}’?“ is the investment for a capacity expansion equal to

it of i limit
the limit of interval k (FEjf™).

FAsset,, = Z Z Z Price/f"  &pec + Z Z Invest™’ Distancess, Zsre V't =0,c (B.18)
i f k f
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FAsset,. = ZZZ Priceffi™  &yec Vt>0,c  (B.19)

The calculation of profit at each time perlod |s represented at Eq. (B.20). Finally, the rate of return used in a

discounted cash flow analysis to determine the NPV is computed by means of Eq. (B.21).

Profits,, = ESales¢. — (FCostftC + Z EPurcheftc> * Xost vVf,tc (B.20)
Profltftc FAssetg,
NPV, = ZZ( (1 + rate)t (B.21)

Finally the expected NPV is defined as in Eq. (B.22), considering the probability of occurrence prob,.

ENPV = Z NPV, * prob, (B.22)

5.3. Environmental model.
In accordance with the LCA method, environmental interventions are translated into environmental impact
through a characterization factors which are represented in Eq. (B.23). The environmental impact associated
with site f, as a consequence of carrying out activities in period t under scenario c is calculated through the
variable ICqf... Parameter 1;;55,, represents a characterization factor for the environmental impact associated
to a specific task i performed using technology j, receiving materials from node f and delivering them at node

f' for each environmental category a.

ICqptc = Z Zzlpijfﬂa * Lijffrte Va,f,tc (B.23)

]E]f iEIj fr
Since all environmental impacts are assumed linearly proportional to the activity performed (P;jffiec),

parameter ¥;;¢r,q should be fixed and constant. The value of the environmental impact factor 1;ss,, is
associated with transport and therefore it is calculated for each pair of nodes as is formulated in Eq. (B.24).
Here Parameter ¢sza represents the a characterization factor of the environmental impact associated to the
amount of material transported over a given distance. In order to correct the estimated distance between
nodes, a Tortuosity factor was defined. In this work the environmental impact in distribution activities is
assigned to the origin node.

1/)L.J.ff,a = wiTja * distanceffr * Tortuosity vieTr,jel,af,f (B.24)
Eq. (B.25) introduces DamCyy.. variable, which is a weighted sum of all environmental interventions. They
are combined using g endpoint damage factors {,,, normalized with NormkF, factors, as the LCA method

indicates [41]. Moreover, Eq. (B.26) calculates g normalised endpoint damage along the SC (Dam(C ¢ ).
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DamCgysec = Z NormlFy # {gg * ICqpec Vg, f.t,c (B.25)

a€Ag
DamCjf = Z Z DamCppec Vg, c (B.26)
f ot
Eqg. (B.27) sums the endpoint environmental damages for each site f while Eqg. (B.28) calculates the expected

environmental impact as a function of the probability of occurrence of scenario c.

Impact}** = ZZDangﬂc Vf,c (B.27)
gt

ImpactsS,, . = Z Z Z Z DamCyy. * prob, (B.28)
ft g ¢

For further details about the operational and environmental formulation the interested reader is referred to
[42].

5.4. Objective function.
Without loss of generality the social impact is associated to the amount of working places which promote the
economic activation and will lead to an improvement in the lifestyle of the community around the industry.
Therefore, social criterion is the number of sites that have a treatment or pre-treatment system installed as

shown in Eq. (B.29). The binary variable Vjs. characterizes the number of units installed per site, this

criterion assigns a value of 1 to each unit installed per site f.

SoC, = ZZZVWC Ve (B.29)
j f t

It is very important to comment that in order to ease the formulation of the MO problem, Eq. (B.30)

introduces the expected SoC impact as a function of the probability of occurrence prob,.

ESoC = ZSOCC * prob, (B.30)
It is important to highlight that the pro?Josed social performance calculation is less efficient than other
methods, such as social life cycle assessment. However, here the social performance is used as a crude
assessment to illustrate its effect on the solution’s selection in the proposed method. In this particular model
ESoC and Impact2292,,, will be optimized (maximized and minimized respectively) together with the

economic criteria (ENPV). The overall optimization problem can be posed mathematically as follows:

r)r}@yX{ENPV, — Impact229?,,,, ESoC} (B.31)

Where, X denotes the binary variables set, while Y corresponds to the continuous variable set.

X €{0,1}; Y e R* (B.32)
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still, the one associated to stochastic design is better in overall
perspective (considering simultaneously the 3 objectives). This means
that in fact both designs can provide acceptable overall results, but the
ELECTRE-IV method selects the best one as a function of the threshold
parameters (i.e. decision making criteria).



- This discussion appears, in compact form, in the page 21, lines 3-11 of
the revised manuscript.



Answers to reviewer 2

Comment 1

The paper "Systematic Approach for the design of sustainable Supply Chains
under quality uncertainty” describes an interdisciplinary research study
proposing an application of advanced decision support system for optimisation
of regional energy supply chains. Thus it corresponds to the topics of the
Journal and is suitable for publication.

The paper is novel in terms of proposed methodological approach. The
methodology combines optimisation tasks under uncertainty conditions with
multi-objective approaches and minimisation of subjectivity during selection of
the optimal solution. In addition, the authors claim to be able to account for the
material quality effect by using the proposed methodology. Introduction,
Problem statement, Methodology and Conclusions are clearly presented and
well organised in the paper and prospective impact on the future research is
sufficiently described.

The paper does not contain material that could be omitted. All parts contain
important information which is essential for the understanding of proposed
methodology and presentation of results.

Response
Thanks for these positive comments.

Comment 2

The application of methodology is demonstrated on a case study where regional
supply chains in Ghana (Africa) for transformation of cassava waste to
electricity. Pre-treatment, gasification and energy transfer processes are
evaluated. The information about the case study is not detailed enough. In
particular, it is not clear what type of cassava waste Is assessed? Is it primary
waste - residues from field activities (e.g., leaves, stalk) or secondary waste -
residues from food processing industries (e.g., peels, pulp)? From the
description it is not clear, how the storage of cassava waste is meant to be
organised. Authors mention that on-field storage is foreseen, but it is likely not
realistic when residues from food processing industries are concerned.

Response
Thanks for this comment. Indeed there was a lack of detailed description about

the type of Cassava waste considered.

Actions
- The type of Cassava waste used is primary waste. This issue has been
corrected and is presented in the manuscript on the Page 10, lines 19-22
and Appendix A, page 28, lines 5-9 of the manuscript.

Comment 3

Regarding energy conversion part it is mentioned that gasifier works in average
16 h/agay, meaning that gasification will be organised as a batch process.
Consequently, the electricity production is not continuous. Are the technical



challenges related to temporal electricity supply taken into account (e.g., need
for electricity storage, switching on/off the transfer grid, availability of power
supply in a certain hours of a day etc.) and how they will affect the economic,
environmental and social performance of the provided solutions?

Response
The reviewer points out a clear limitation in the technical challenges associated

to the electricity supply.

Action
- This limitation has been explicitly recognized in the manuscript and can
be found on the page 10, lines 15-18 of the revised manuscript.
Comment 4

Conclusions related to the application of methodology are clear and refer to
important findings. However, the lack of important details in case study
description Is raising concerns if the proposed robust methodology is able to
capture the challenging nature of the real life energy supply chains and to
provide optimal solution not only theoretically, but also practically.

Response
The reviewer points out a clear limitation in the concluding remarks.

Actions
- This comment is directly connected with the comment 2, and its
explanation is merged with the answer of comment 2. The answer can
be found on the page 22, lines 3-7 of the manuscript.
- This scenario will be the subject of our further research

Comment 5

The English of the paper is satistactory. Only some minor spelling and
terminology corrections are needed. For example, authors sometimes use term
"raw matter”, sometimes "raw material”. This should be aligned through the
text. In Page 11, row 9 instead of "whit", "with" should be used. LHV is
described as "Latent Heat Value". The correct term is "Lower Heating Value" or
Net Calorific Value. Some grammatical errors are found also on Page 20 rows 5
and 11.

Response
Thanks to the reviewer for its accurate observation.

Actions
- A detailed English revision in the full manuscript has been performed.

Comment 6
Regarding units, it is not clear what is meant on Page 31, rows 21 and 35.

Response
Thanks to the reviewer for its accurate observation.



Action
- The typo mistakes were corrected. As can be seen in page 28, line 18
and page 29, line 2 of the revised manuscript.

Comment 7
The Abstract of the paper is informative and concise.

Response
Thanks to the reviewer for this positive comment.

Comment 8

The Highlights reflect the content of the paper. It would be better to avoid
using abbreviations in the Highlights, since they should be understood as stand-
alone without reading the whole paper. Thus I suggest replace "SC" with
"supply chains" in the first bullet point of Highlights.

Response
Thanks for this suggestion.

Action
- No abbreviation/acronyms are used in the present Highlights, "supply
chain" instead of (SC) has been used. Please, see the file "ECM-D-16-
05575 revised manuscript highlighted in yellow"

Comment 9

All cited references are included in the text and related mostly to recent
research publications. One typing error should be corrected for reference on
Page 31, row 22.

Response
Thanks for this accurate observation.

Actions
- This issue has been corrected in the reviewed manuscript.

Comment 10

Illustrations and Tables are informative and well presented. Probably Figure 8
and Figure 9 could be joined, since Figure 9 contains the same information as
the Figure 8.

Response
Thanks for this suggestion.

Action
- Figs. 8 and 9 have been joined and as a consequence a new Fig. 9 now
appears (following also the recommendation by another reviewer).



Answers to reviewer 3

Comment 1

-page 4 line 19

As the manuscript subject is on Sustainable SCs, when one considers energy
production from biomass, social performance should not be quantified only via
Jjob creation, but also taking into account that an edible plant such as cassava,
probably important for feeding the local population since ever, is submitted to a
large scale use as energy feedstock. There are well known examples on how it
may cause price fluctuations, water shortage and famine. In case the social
dimension is not properly treated (via a social life cycle assessment), it would
be better to consider a less broad scope, from "sustainable” to "green” SCs or
another equivalent term. In case the social dimension is further considered, and
sustainability scope is kept, a robust, objective definition of sustainability should
be included as the basis to the whole analytical approach.

Response
Thanks to the reviewer for this accurate observation. The reviewer suggests a

modification that certainly would eventually increase the quality of the paper.

Actions

- The introduction of a sophisticate assessment (such as social life cycle
assessment) will definitely increase the quality of the manuscript,
however the main scope of the paper was to present a tool to solve
sustainable MO problems under uncertainty and select the best overall
solution. Indeed, in the present work the social objective is poorly
represented but this doesn't affect the performance of the method. In
fact, the method will perform equally well when using other sophisticated
assessments. The reviewer suggests modifying the definition from
“sustainable” to “green” SCs, notwithstanding, this method is planned to
be used as a tool for sustainable problems, therefore even if the
objective definition is crude the performance of the method cannot be
properly evaluated unless we evaluate and consider all the 3 objectives
simultaneously. This clear limitation is described in the revised
manuscript page 7, Lines 6-7 and page 35, Lines 19-21.

- An additional comment is that our research group is investigating “level
of satisfaction” as the main social objective component. Although difficult
to quantify, progress is being made, which for the reasons indicated
above is out of the scope of this manuscript.

Comment 2

- page 12 line 11

All main environmental impacts from the operation of the biomass-based
energy system should be presented and discussed in the manuscript. In case
they are limited to the few ones described in this sentence, LCA should be
expanded to consider water use in plantations, waste from gasification, energy
usage by the industrial process, etc. as important factors for a sustainable SC. I
would suggest that a systemic LCA methodology (such as SLCA - Sustainability



Life Cycle Assessment) should be applied to check materiality levels of the
multiple potential environmental and social impacts.

Response
Thanks to the reviewer for this suggestion. Indeed this comment is directly

linked with the previous one.

Action

-The traditional 15 mid-point categories (including carcinogens, non-
carcinogens, respiratory inorganics, ionizing radiation, ozone layer
depletion, respiratory organics, aquatic ecotoxicity, terrestrial ecotoxicity,
terrestrial acid, land occupation, aquatic acidification, aquatic
eutrophication, global warming, non-renewable energy and mineral
extraction) are used as environmental impacts. This issue has been
properly detailed in the revised manuscript Page 11, Lines 15-19.
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ABSTRACT.
Sustainable processes have recently awaked an increasing interest in the process systems engineering
literature. In industry, this kind of problems inevitably required a multi-objective analysis to evaluate the
environmental impact in addition to the economic performance. Bio-based processes have the potential to
enhance the sustainability level of the energy sector. Nevertheless, such processes very often show variable
conditions and present an uncertain behavior. The approaches presented for solving multi-objective problems
under uncertainty have neglected the potential effects of different quality streams on the overall system. Here,
it is presented an alternative approach based on a State Task Network formulation capable of optimizing
under uncertain conditions, considering multiple selection criteria and accounting for the material quality
effect. The resulting set of Pareto solutions are then assessed using the Elimination and Choice Expressing
Reality-1VV method, which identify the ones showing better overall performance considering the uncertain
parameters space.
Keywords: Uncertainty, State Task Network, Sample Average Approximation, Sustainability, quality,
Industrial symbiosis.

1. Introduction
During the last decade, industrial globalization have been continuously changing the business behavior, thus
making it difficult to remain competitive in the global market for current processes/industries [1].
Additionally, the increasing government pressure on designing green processes has led to the need for
developing more sophisticated strategies to design and manage industrial processes. The above jointly with
the recent improvements in environmental analysis techniques has stimulated the emergence of sustainability
strategies in process systems engineering (PSE) literature [2]. Here, one major challenge concerns how to
combine multi-objective (MO) [3] approaches (maximize economic performance while minimizing
environmental impacts) with uncertainty strategies for a reliable/quick response against unpredictable

situations (including demands, prices, availability and quality uncertainties) [4].
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Along these lines, industrial symbiosis (IS) appears as a promising strategy to bring together companies from
different sectors in order to share resources (such as energy, materials and water) and provide stability to the
markets [5]. The concept of IS covers multiple important gaps in the current PSE literature [6], since it
attempts to enhance the process sustainability as well as the financial and social benefits for all the
participants [7]. Nevertheless, in practice the application of IS strategies is a hard task to carry out, mainly due
to the limited flow of information within industries, the lack of integration strategies, the complexity of
synergy identification and the dynamic behavior associated to IS networks. In fact, several authors agree that
in order to meet the highest sustainability standards, the synthesis and operation of robust industrial symbiosis
systems should be improved in parallel with solution strategies for highly complex design and planning
optimization problems [8]. Therefore, robust and flexible mathematical formulation should be developed to
address IS problems using a PSE approach.

In the PSE literature, bio-based processes can be mentioned as one of the most representative example of IS,
especially because of their structural and conceptual similarities. Actually, in the field of bio-based processes,
multiple works can be found focusing on operating conditions, equipment units’ efficiency, and raw material
properties, among others. For example, Mikulandri¢ et al. [9] use an Artificial Neural Networks (ANN)
method to predict the variability of the operational conditions (i.e., output temperatures) and model the
dynamic behavior of a biomass gasification unit for its use in on-line applications. The above study uses a
surrogate model which requires experimental training data. In parallel, Sepe et al. [10] combine traditional
gasification techniques with a solar-assisted steam gasification unit in order to increase the quality of the
resulting syngas stream (1.4 times more than the traditional value). Recently, Mirmoshtaghi et al. [11] study
the impacts of different parameters on the gas quality and gasifiers performance for a biomass gasification
unit. Even if those detailed studies increase the efficiency of the process, their improvements are constrained
by the available infrastructure. In order to address such an issue, Liu et al. [12] optimize the production
pathway of a biofuel supply chain (SC) evaluating the economic, energy and environmental performance
applying simultaneously MO and environmental methods (e-constraint and Life Cycle Assessment (LCA),
respectively). In 2012, Gebreslassie [13] optimize the design of a bio-refinery supply chain under demand

uncertainty and multiple objectives using decomposition strategies.
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In addition to the mentioned works, other contributions ranging from a complete review on stochastic
programming [14] to a study on stochastic applications for green supply chains [15] focus on improving MO
models under uncertainty [16] in order to enhance the robustness of the final solution [17]. The main
limitation here is the large CPU time associated with these strategies [18]. Furthermore, all those strategies
disregard the flexibility of the model formulation limiting the management and evaluation of the flows (as
function of their properties), which has an important impact on the operating efficiency [19]. In this line,
Pérez-Fortes et al. [20] extended the State Task Network (STN) formulation, typically used in scheduling
problems, in order to solve the design and planning problem of a regional bio-based energy SC. The
formulation proposed by Pérez-Fortes [20] also considers multiple objectives, including economic,
environmental and social performance in an attempt to increase the sustainability of the final solution while
maintaining the model flexibility. This formulation was later extended by Lainez et al. [21] in which a
decomposition algorithm is proposed in order to handle a large and complex model. This model evaluates the
performance of a co-combustion process over the electricity distribution network of Spain, considering
multiple biomass kinds (forest wood residues and agricultural woody residues) to partially substitute coal as
main power resource. To the best of our knowledge, although there are methodologies to assist in the design
of green processes, there is still a gap in the evaluation of the influence of the quality of the raw material on
the process’ performance which is attempted to be fulfilled in this work.

The proposed approach is based on a STN formulation under uncertainty. A bio-based energy production SC
is used as a test bed case study in which different energy consumers and their respective SCs as well as their
interactions will be studied. Multiple criteria shall be considered, including economic, environmental and
social aspects, ensuring the robustness and sustainability of the solutions for all the participating actors. Given
that locally available agro-industrial waste is used, it should be subject to uncertainty caused by climate
variations. Thus, the impact on biomass availability across the time as well as the corresponding variability
for the processes prior to the biomass collection will be considered in the model here presented [22].
Additionally, the combination of different raw material sources with varied qualities will be analyzed in order
to evaluate their effects over the energy generation efficiency, thus making the final solution more realistic.
To tackle the resulting model, a solution strategy, based on the Sample Average Approximation (SAA)

algorithm, is used for optimization under uncertainty, in order to reduce the computational effort. Finally, the
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ELimination and Choice Expressing REality (ELECTRE-IV) method will be used as multi-criteria decision-
making tool in order to identify the solution that best reflects the decision-makers preferences.

2. Problem statement
This paper tackles the design and planning of a centralized multi-echelon bio-based energy production supply
chain subject to raw material uncertainties. Here, two main actors will be considered (the supplier and the
manufacturer). Both actors are considered in a single SC management problem, however the exchange of
resources between them is allowed. More precisely, food industry will provide the raw material for energy
production, while the power generation plant will meet the energy needs of the food industry. Uncertain
behaviors in raw material availability and quality properties are addressed through a tailor-made approach. To
illustrate the capabilities of the proposed approach, a conveniently modified version of the case study
modelled by Pérez-Fortes et al. [20] is used. Additionally to the original process data (i.e. potential sites,
material states, tasks, equipment’s, etc.), a set of actors composed by suppliers (ele = 1, ..., E) which provide
the biomass; the consumers (m|m = 1, ..., M) as markets; and the manufacturers (f|f # e and f +# m) as
energy producers are defined. Also a given expected raw material availability profiles is defined for each
short-term period and supplier.
The goal is to optimize the following decisions concerning the design and planning of the SC, including the
eventual installation of a pre-processing unit with its corresponding capacity and location, distribution links
among facilities (suppliers, manufacturer and consumers), sizing of installed equipment units and biomass
utilization at any period. Those decisions are taken in order to achieve the decision maker objectives which
includes the expected net present value, expected environmental impact and the social performance
(quantified via the creation of job opportunities) as economic, environmental and social metric respectively.
For further details about the process data, equipment description and its capacity, the readers are addressed to
Pérez-Fortes et al. [20] and to the Appendix A of this paper.

3. Methods
The proposed solution strategy is a modification of the approach recently proposed by Medina-Gonzalez et al.
[23]. The method’s approach comprises three main steps as shown in Fig. 1. A stochastic multi-objective
optimization (MOOQO) model is developed in step 1. Step 2 solves the stochastic MOO problem using a

customized strategy that provides as output a set of solutions that are then evaluated in step 3 to select the
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optimal design that best satisfies the decision maker preferences. A detailed description of each step

(including the specific methods/algorithms used) is provided in the following subsections.

Decision Making under
uncertainty

3

1.- Develop Stochastic MOO
madel

model

|

3.- Solution Selection

| \::|

Final Robust solution

Fig. 1. Algorithm for the proposed method.

3.1. Multi-scenario two-stage stochastic programming model.
A general scheme of the bio-based SC under study is shown in Fig. 2. Particularly, this model assumes fixed
locations for supplier sites where biomass is produced (as a waste of food industry). The final product can be
produced at several potential processing sites. The properties of the raw biomass as well as its availability are
considered uncertain since they highly depend on the unpredictable weather conditions as well as on the
specific treatments at each generation site. Consequently, pretreatment units must be installed aiming to reach
homogeneous conditions required by subsequent steps in the SC. The equipment capacity of each production
site is constrained by its nominal production rate (i.e. the number of working hours per year and the type of
equipment used). On the other hand, the storage and transportation capacities are modelled taking into
account the limits of the corresponding equipment (physical limitations). Materials flows appear only if
selecting such a flow improves the performance of the SC despite its associated cost. All the SC decisions will

be taken by optimizing the three objectives defined before.
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Fig. 2. General scheme for bio-based Supply Chain.

The original mathematical formulation is described in detail in Perez-Fortes et al. [20], including the most
relevant mass and energy balances, associated constraints, and also the required equations that describe the
technologies involved. However, in this work, the original model has been modified in order to manage the
associated uncertainty described later in this paper. Hence, the original MO problem has been reformulated

into a multi-scenario two-stage stochastic problem of the following form (Eq.(1)), henceforth known as

Model P:
(P) H;E;/X {fl(x' YClAc)l ---;fob(x; y(:l)'c)t "'tf|OB|(xl y(:!lc)}
h(x,y.,A.) Vc €C
s.t. g, y.,A:) Vc eC €Y
x€X, Y. EY

Here, x represent the first-stage decision variables, whereas y,, 4. denote the second-stage decision variables
and uncertain parameters values that belong to the space ¢ of uncertain parameters, respectively. The solution
space ¢ is described through 4., which is the vector of the values taken by the uncertain parameters in the
scenarios ¢ of the set C. First stage decisions may contain integer variables due to allocation requirements.
f(x,y.,A;) represents the multi-dimensional objective function; h(x,y., A.) and g(x,y., A.) are vectors of
equality and inequality constraints.

Model P can be interpreted as follows. First stage decision variables (x) must be taken before a realization of

the random vector (4.) becomes known (here and now decisions). However, such a decision needs to satisfy
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as well the second-stage set of constraints. Therefore, recourse actions need to be taken (second-stage
decision variables y.) with an associated impact over the objective function. Hence, given a first-stage
decision x, each realization of 1, leads to recourse costs given by the value of the second-stage function (y,).
Finally in Eq. (1) f,, represents the different objective functions of the problem (f; = ENPV, f, =
—Impact229%,, and f; = ESoC.). A detailed description of the expected profit calculation and the other
criteria is provided in Appendix B of this work. Notice that even if this formulation is used, our approach is
general enough to accommodate more sophisticated objective definition as well as additional criteria.

3.2. Solution strategy (Sample Average Approximation algorithm)
The solution of Model P is challenging due to the number of scenarios, objectives and variables required in
the STN formulation. In order to expedite the solution and reduce the computational effort, a solution strategy
based on the well-known SAA algorithm is used. First, optimize Model P for a deterministic case
(considering only one scenario) and maximizing the economic performance (single objective). Then, fix the
design decision variables obtained for the first-stage variables and optimize again the profit in Model P, but
this time considering all the scenarios (|C|). This procedure will be repeated recursively by replacing the
scenario used in the first part by another one until the designs of the supply chain (for the different scenarios)
are generated. The overall algorithm is graphically described in Fig. 3.
Further details on SAA can be found in [24] while a useful application for solving stochastic problems in
Bioethanol and Sugar Production problems is reported in [25].
Note that even if Model P is a multi-objective model, in this step of the algorithm only one objective function
is considered. More precisely, the economic performance (ENPV) is used as optimization objective while
environmental and social impacts are calculated in parallel during the process, but they never act as objective
functions. The reason for this is that the explicit consideration of multiple objectives under uncertainty leads
to large CPU times, even using tailored decomposition strategies such as Lagrangean decomposition [21] and
discrete differential dynamic programming [26]. Hence, the remaining objectives are assessed in a post-

optimization step.
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Fig. 3. Algorithm that represents the detail of the particular strategy used in the present work.

3.1. Solution selection procedure (ELECTRE-IV algorithm)

The selection of a unique and robust solution that guarantees the decision makers satisfaction and
simultaneously avoids subjectivity sources for multiple criteria problems is a very hard task. In this work, the
application of the ELECTRE-IV method is proposed to overcome this limitation. This method is a derivation
of the ELECTRE method, which was first introduced by Roy [27]. In general, those methods perform a
systematic analysis of the relationship between all possible pairings of multiple options (solutions)
considering multiple and common criteria. As a result, this method provides a hierarchically ordered list of
solutions according to their performance compared to the others. In other words, this method quantifies the
extent to which each option outranks all others.

Following this method, one solution (Sol,) is said to outrank another option (Soly) if and only if Sol, is at least
as good as option Soly, for all the criteria and strictly better in at least one. The main difficulty/disadvantage of
almost all the ELECTRE methods is that an outranking relation must be constructed beforehand and this
implies a strong source of subjectivity as commented by [28] and later on confirmed by [29]. However, this
difficulty is totally overpassed in ELECTRE-IV method as described in [30] and proved by Shanian et al. [31]

by using four parameters to systematically construct fuzzy outranking relationships. Those parameters express
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the thresholds at which the option will be considered preferred, indifferent, undesirable or infeasible for each
criterion. Making use of those thresholds, the outranking relationships define the dominance of each solution
over the remaining ones for each criterion under evaluation. Indeed in Fig. 4, a graphical description of the
solution selection procedure is illustrated.
After applying the thresholds, one solution (Sol,) can be classified as strictly and weakly preferred, indifferent
or equal compared with another solution (Soly,). After defining the preference relationships for each pair of
options, they are traduced to its numerical equivalence, following the traditional assumption: 1, 0.8, 0.6 and
0.4 for strictly, weakly, indifferent and equally preferred, respectively. Therefore, a new normalized matrix is
obtained and a ranking procedure is applied as follows:

e Construct a partial preorder KO, and KO,

e Construct the complete preorder KO =KO; n KO, as the final result.
KO, and KO, are constructed through a descending and ascending distillation procedure, respectively
[28].The combination of these two partial preorder alternatives provides a unique and robust descending
desirability hierarchical ordered list. For more details regarding the ELECTRE methodologies (Including
ELECTRE-IV) and its application the reader should refer to [28] and [29]. Without loss of generality,
ELECTRE-IV method is applied to identify the most appealing solution from the set of solutions obtained

after solving Model P by applying the SAA solution strategy.

a) S‘al (b)
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Fig. 4. Representation of thresholds application: a) represents an indifference situation since the indifference area (orange and green line)
overlap the solution point. b) represents a weakly preference relation, since their indifference areas do not overlap, but the preference area
does (blue dotted line). c) represents a strict preference relation since the preference and indifference thresholds are clearly
distinguishable.



10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

4. Case study

The design-planning problem is formulated as a two-stage Mixed Integer Linear Program (MILP) based on a
real case study first studied by Pérez-Fortes et al. [20]. Particularly, this case study is related to a bio-based
energy supply chain located in Ghana, using gasification technology. It consists of an energy generator system
with several units and energy consumers under uncertain conditions (biomass availability and quality). More
precisely, the nine small communities of the Atebubu-Amantin district (rural area of Ghana, Africa) constitute
the supply chain case study. This case study includes 40 different biomass states (s) and six different
equipment technologies (j), which represent the different treatment, pre-treatment and means of
transportation. The set of activities i comprises 79 elements for each pair of biomass state-processing and
biomass state-transportation activities. The set f consists of 31 locations, including nine suppliers, nine
possible pre-treatment/treatment sites, nine markets sites and four potential sites in which a treatment unit can
be installed. The project is evaluated along a planning horizon of 10 years with an annual interest rate of 15%.
Detailed description about the technologies used in this work can be found in Appendix A. It is also important
to mention that the scope of this paper is to propose a useful strategy to overcome the challenges associated to
a MOO problem under uncertainty. Therefore, technical challenges related to temporal electricity supply (e.qg.,
electricity storage, switching on/off the transfer grid, availability of power supply in a certain hours of a day
etc.) are out of the scope of the paper. Additional studies extending this formulation and including electricity
supply challenges are required to explore the effect on the economic, environmental and social performances.

Cassava crop is a common tropical crop mainly used to provide food. Currently cassava waste is widely used
for multiple purposes including fertilization, ethanol and biogas production. In this work the use of cassava
rhizome for energy production will be evaluated. Cassava availability, Lower Heating Value and moisture
content (LHV and MC respectively) are the main properties under analysis. Their average values for each
community are shown in Table 1 and were obtained through historical data. Those parameters were
considered as the uncertain parameters and modeled through a normal distribution. Particularly, 50 scenarios
were generated via Monte Carlo sampling in order to discretize the normal distributions, assuming the mean
values in Table 1 and a variance of 30%. It is important to highlight that Monte Carlo sampling is less
efficient than other sampling techniques. However, here it is used as a crude method to illustrate the

generation of scenarios. It is important to mention that parameters values are highly dependent to climate
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conditions. For example, for a dry season, the total availability decreases as well as the water content,
however in the same environment the LHV is expected to increase. Hence, uncertain parameters are assumed
to be correlated.

Table 1. Average values for biomass properties at each community in Atebubu-Amantin district.

Water” LHV(MJ/kg) Availability (t)
Senso 0.425 10.61 12.74
Old Konkrompe 0.426 10.56 24.39
Fakwasi 0.427 10.51 81.10
Kunfia 0.429 10.46 122.18
Trohye 0.431 10.40 16.22
Bompa 0.432 10.34 22.07
Nwunwom 0.434 10.28 5.272
Boniafo 0.436 10.22 21.08
Abamba 0.438 10.15 28.15

* These values are expressed as a weight fraction

The geographic characteristics of this community allow us to define drying and chipping as the potential pre-
treatments since they are more suitable for rural areas in developing countries. Cassava waste is pre-processed
before gasification to obtain the required shape and MC for further processing steps. Each community
represents one single supplier-production-consumer site. However, pretreatment and/or treatment sites can be
installed in each community and at the same time this community acts as energy consumer (customer). Those
communities could be connected to a specific-built low voltage or medium voltage micro grid (LV and MV
respectively). The main difference among them is that LV supplies energy within the community and the MV
connects different communities considering the associated investment cost.

Without loss of generality the LCA indicator Impact 2002+ was quantified using data from the Ecoinvent
database [32] in accordance with the technical report used in the based paper [33]. In order to produce a
representative value from the environmental analysis, the main environmental impacts under analysis includes
the traditional 15 mid-point categories (including carcinogens, non-carcinogens, respiratory inorganics,
ionizing radiation, ozone layer depletion, respiratory organics, aquatic ecotoxicity, terrestrial ecotoxicity,
terrestrial acid, land occupation, aquatic acidification, aquatic eutrophication, global warming, non-renewable
energy and mineral extraction) associated to biomass production (cassava waste obtaining), transportation by
tractors, pre-treatments (chipper and dryer) and generation of electricity through biomass gasification. For
further details on LCI values, see [34]. Additionally, detailed information about the environmental analysis of

this case study can be found in [20].
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The mathematical model has been written in GAMS and solved using CPLEX 11.0 on a PC Intel(R)
Core(TM) i7-2600M CPU 2.70 GHz and 16.00 GB of RAM. The deterministic model contains 17,328
equations, 144,703 continuous variables and 186 binary variables, while the stochastic one with 50 scenarios
has 708,444 equations, 5,108,277 continuous variables and 186 binary variables. Each iteration of the
algorithm (each solution of the deterministic model) entails a CPU time of approximately 2,700 seconds. It is
important to remember that the stochastic model that includes all the scenarios and maximize the expected
profit as unique criterion cannot be solved in less than 24h (86,400s) due to CPU limitations (i.e., after this
CPU time, CPLEX is unable to close the optimality gap below 5% even when optimizing only the expected
profit; consequently, larger CPU times are expected when dealing with multiple objectives). Details on the SC
are provided next.

The aim of the proposed formulation is to select the most suitable processing units (including their capacity
and location), the best way to interconnect the various elements of the supply chain (i.e., providers,
intermediates and consumers), and adequate biomass cycle storage and transport flows in order to make the
best use of biomass as feedstock. In order to perform a feasible comparison, the model described in this work
(Model P) is solved under deterministic and stochastic conditions (i.e. for average values of the uncertain
parameters and also considering all the uncertain scenarios simultaneously, respectively). The above will
allow us to promote a discussion and highlight the effect of the new elements now considered under a fair
comparison environment.

4.1. First case. Deterministic solution analysis

In this case the biomass availability and properties are assumed known beforehand (See Table 1) and constant
across the entire time horizon (i.e. no solution generation is required). Multi-objective optimization (MOO) is
carried out in this case, including economic, environmental and social performance (NPV, ImpactZ2%2,,, and
SoC respectively) using the well-known g-constraint formulation. Accordingly, lower and upper values for
each objective are obtained through their individual optimization and displayed in Table 2. Note that the
results while optimizing NPV are highly similar to those in the environmental friendly scenario. Particularly,
the economic performance corresponding to the configuration that maximizes the NPV is $2.35x10°, which
represents the maximum NPV that can be obtained in this case study. This value drops to 8% (Table 2) for the

environmental friendly network while, for the socially friendly network the economic performance is reduced
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to $0. Logically, this result is highly undesirable and provides a lower bound on the economic performance.

While optimizing NPV, the value of Impact2392,,, keeps a considerably low value since this is reduced just

in a 3%, compared with their best performance (Impact22?,,, optimization). On the contrary, while
optimizing SoC, the environmental impact and economic objective reach both their worst performance. The
above is mainly because of the highly transportation and production emissions, as well as to the costs,

associated with such a solution.

Table 2. Individual performances at each single objective optimization

Optimization
Economic Environmental Social
NPV ($) 235853 19919 0
Impact?092 ., 0.657 0.636 0.9
SoC 15 19 27

It is important to notice that in the case of SoC the maximum value considered was 27. This is because the
social impact considered only those pretreatment/treatment units installed at the community points and not in
external sites. The associated networks of each individual optimization are presented in the Figs. 5-7. In
general four types of matter and energy flows are presented disregarding the time period when the distribution
is performed. Those flows represent the distribution of raw material, dried and chipped matter, and finally the

energy among sites.

Atebubu-District

70
e RAW
- Dry
Chipped Trohye
60 H Energy
® Potential Site
50 ®

H
o
T

Distance (km)
<]

..... . Boniafo
20
) Old Konkrompe
10
Abamba
or ® Seneso
1 1 1 1 1 1 1 J
0 10 20 30 40 50 60 70

Distance (km)
Fig. 5. Optimum network configuration for the economic criteria (NPV). Axes are in km. Each line represents the material/energy
distribution among communities. Green dotted lines represent the raw material, golden dotted lines represents dry material, while orange
lines represents the chipped material and finally purple lines represents the energy distribution.
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Fig. 5 depicts the network among communities that maximizes the NPV, while Table 3 describes the units
installed at each site. The model decides to install an energy generation system (G-ICE) in almost all the
communities (6 of the 9 communities), while pre-processing facilities were allocated in only four sites. Those
sites are strategically located to best handle the biomass of all the communities, thereby reducing the
transportation costs. According with Table 3, the minimum chipping capacity is installed in all the
communities (0.1t/h), which is enough to process all the needed cassava waste. Therefore, fluxes of raw
material allow to centralize the pretreatment sites in the largest communities, which positively contributes to

minimize the Impact292,,;.
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Fig. 6. Optimum network configuration for the environmental criteria (Impact2392,;,). Axes are in km. Each line represents the
material/energy distribution among communities. Green dotted lines represent the raw material, golden dotted lines represents dry
material, while orange lines represents the chipped material and finally purple lines represents the energy distribution.

The network associated to the minimization of Impact22%2%,,, is displayed in Fig. 6. It can be noticed that this

network reduces the material and energy exchanges among facilities, since this option only distributes
chipped material (orange lines). Therefore, the reduction of environmental impact is due to the reduction in
transportation tasks (emissions) and this, consequently, leads to a necessity of more pre-treatment/treatment
units, thereby increasing the overall installation cost (almost one per site, reaching an investment cost higher
than $1.2x10°). This is clearly illustrated in Table 3, in which more installation of pretreatment and treatment

units is displayed if compared with the best NPV network. Additionally, Table 3 shows the installed capacity
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at all the sites, which take similar values than those in the maximum NPV case, except for the case of Kumfia
which increase the G-ICE capacity.

Finally, the network associated to the maximum SoC is the most complex due to the large mass flows
between locations (see Fig. 7). The model installs each type of unit at each location, and even if their
capacities are much lower than those in the previous cases, the economic performance is highly affected due
to unnecessary installation/transportation costs. Here, the maximum value for the social criterion (27) was
obtained installing three units per community site. Therefore, it can be highlighted that pretreatment/treatment
units are installed and then operated to meet the demand. Thus, an inefficient management and use of
resources is obtained providing a negative impact on the sustainability of the network (i.e. worst performance
for economic and environmental objectives). Even if cassava waste is produced by each community and, in
this design all the communities have pretreatment/treatment sites (partially energy sufficient), there is a
considerable amount of distributed material. This is due to the flexibility of the proposed formulation in which
a combination of different quality materials from different sites is allowed. The above proves that the material
distribution for mixing purposes is cheaper than pretreating the material at each site, ultimately leading to
better economic performance. This positive impact due to the explicit consideration of raw material quality is
also present in the NPV and Impact2922,,, networks (Fig. 5 and 6, respectively), nevertheless its presence is

not as evident as in this last design.

Atebubu-District

N
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Fig. 7. Optimum network configuration for the social impact (SoC). Axes are in km. Each line represents the material/energy distribution
among communities. Green dotted lines represent the raw material, golden dotted lines represents dry material, while orange lines
represents the chipped material and finally purple lines represents the energy distribution.
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Table 3. Equipment capacity for the optimum networks configurations obtained for the three selected criteria.

NPV Optimization Impact Optimization Social Optimization
Dryer (t/h) Chipper (t/h) G-ICE (kW,) Dryer (t/h) Chipper (t/h) G-ICE (kW,) Dryer (t/h) Chipper (t/h) G-ICE (kW)
Senso 0.1 0.1 18.0
Old Konkrompe 0.1 0.1 18.0 0.1 0.1 18.0 0.1 0.1 37.7
Fakwasi 0.2 0.1 63.6 0.2 0.1 63.5 0.1 0.1 63.5
Kumfia 0.3 0.1 101.3 0.3 0.1 122.0 0.2 0.1 132.0
Trohye 18.0 0.1 0.1 18.0 0.1 0.1 18.0
Bompa 0.1 0.1 18.0
Nwunwom 0.1 18.0 0.1 18.0 0.1 0.1 75.0
Boniafo 0.1 0.1 18.0
Abamba 0.1 18.0 0.1 0.1 285 0.1 0.1 18.0
Extrasitel 18.0
Extrasite2
Extrasite3 31.86
Extrasite4
NPV = 1,71x10°
Impact?992 ., = 0,724
S0G— 16
1.80e+5

1.75e+5
I 1.45e+5
1.70e+5 El 1.50e+5
I 1.55e+5
& B 1.60e+5
= 1.65e+5 [ 1.65e+5
& [ 1.70e+5
= 1.60e+5 N 1.75e+5
[ 1.80e+5

1.55e+5

1.50e+5
1.45e+5 - =
082 80 18 °
&, o078 ) 1)
¥ Doy, 076 < 2 po\“‘
ec’ 0.74 - s 22 0‘1
‘ry, 072* 24 yoe?
,”\57 0.70 - & 2 soc\a\

Fig. 8. 3-D representation of the Pareto solutions for the three objectives including the allocation of the overall solution in the feasible
solution space.

In the last part of this section, the analysis of the extreme solutions is presented. In order to produce a
meaningful solution comparison, the three objectives were analyzed simultaneously using the well-known -
constraint method. After applying the g-constraint method, 65 solutions networks were found. As a result, a
Pareto frontier was built representing a feasible surface space for the NPV vs Impact2392,,,vs SoC problem
(see Fig. 8). It is important to highlight that each point in this surface represents a potential feasible optimal
solution. From Fig. 8, it is evident that as the SoC objective increases, the NPV decreases while
Impact292? ., increases as well, proving their conflicting behaviors. When the social criteria range from 15 to

22, there is no significant change in the economic and environmental performance. However, for values
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greater than 22 in the social criteria, the performance of the others gradually decreases. It is worth to mention
that this surface ranges from $1.49x10° to $1.73x10° and from 0.68 to 0.86 for the economic and
environmental performance, respectively.

Ranking solutions

An infinite number of feasible solutions exist. To select the preferred solution, the ELECTRE-IV method has
been applied in accordance with the procedure described in section 4.3. The preference, indifference and
infeasible thresholds for each one of the criteria used in this work are presented in Table 4.

Table 4. Thresholds values for the three objectives considered in this case study.

Criteria
Thresholds
NPV ($) Impact2092 ., SoC
Indifference (q) 149667.79 0.65 15.00
Preference (p) 168687.72 0.70 24.00
Veto (v) 173442.70 0.85 27.00

The thresholds must reflect the preferences of a decision maker under realistic conditions. In this particular
case, the indifference threshold for the NPV corresponds to its lowest feasible value. The preference threshold
for the NPV is set as 80% of its maximum value, while the veto thresholds is set as the maximum NPV value.
Similar assumptions were used for the thresholds definitions for the remaining criteria. Using the above
thresholds, the ELECTRE-IV method was next applied to evaluate the 65 resulting feasible optimal solutions.

Table 5 illustrates the solutions sorted according to their desirability as a function of the preference

thresholds.
Table 5. Ranked solutions according to its dominance for this case study.

Ranking Solution

1 2

2 48

3 47

4 1,6,7,8,16,17,18,,21, 22, 26, 27, 31, 32, 36, 37, 41, 42, 50, 52-63, 65

5 11,48

6 3,5,9, 10, 13, 15, 19, 20,23, 28, 29, 30, 33, 35, 38, 40, 43, 45, 49

7 4,14, 24

8 34, 39, 44

From Table 5, solution 2 was found as the overall dominant solution according to the decision makers’
preferences. For this solution, the NPV value is $ 1.71x10°, and the environmental and social impact are
0.724 and 16, respectively. The above solution entails a reduction of 2%, 15% and 40% form the best possible

economic, environmental and social performance values, respectively. From an overall perspective, solution

17



1

2

N o ooukhw

10

11

12

13

14

15

16

17

18

19

2 represents a good performance. Fig. 8 shows the selected solution within the solution space. Additionally,

Fig. 9 shows the network associated to solution 2.
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Fig. 9. Optimum network configuration selected using ELECTRE-IV method. Axes are in km. Each line represents the material/energy
distribution among communities. Green dotted lines represent the raw material, golden dotted lines represents dry material, while orange
lines represents the chipped material and finally purple lines represents the energy distribution.

It is important to highlight that this design highly depend on the definition of the thresholds for each criteria,
therefore, another global overall solution can be found using different thresholds. From Fig. 9 it can be
noticed that the final network is slightly different to that one associated to the best economic performance by
reducing the amount of material distributed (Raw and chipped) at the expenses of treating that material at
each particular site. Even with this small reduction in the final profit the use of this approach reduces the
subjectivity in the selection procedure, since the solution comparison is carried out under fair and equal
conditions.
4.2. Second case. Stochastic solution approach.

In this section, Model P is solved via the SAA algorithm described in sections 3.1 and 3.2. More precisely, for
this model 50 scenarios were defined to model the MC, LHV and availability uncertainties. Hence, 50
different SC’s designs were obtained. The economic performance was expressed through its associated
expected value (ENPV), while the environmental performance was represented as the worst environmental

scenario, and social objective as the sum of the binary variables regarding unit installation.
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The 50 solutions obtained after applying the proposed approach were evaluated through the ELECTRE-IV

method in order to compare all the solutions with each other. As in the first case, ELECTRE-IV method

provides a ranking for the 50 possible solutions as a function of the thresholds parameters defined by the

decision maker (See Table 6).

Table 6. Ranked solutions according to its dominance for this case study

Ranking Solution
1 9
2 18
3 4
4 12, 37
5 29
6 1-3,5-11, 13-17, 19-28, 30-36, 38-50

The following Fig. 10 shows the scheme associated to best overall solution obtained after applying the

proposed solution selection strategy.
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Fig. 10. Resulting robust network. A golden and orange dot represents the dryer and chipper pretreatments units, respectively. Similarly,
green point represents the energy production system, while a purple line represents the micro-grid in order to allow the energy exchange

among communities.

From Fig. 10, it can be noticed how all the pretreatment activities are performed at strategic locations. Those

activities are highlighted in a color scheme. Additionally, Table 7 shows the capacities installed at each

equipment unit to provide a robust structure for the complete uncertain solution space. This solution

centralizes the treatment/pre-treatment units in just 4 sites. More precisely, Chipper units are installed near to

its lower capacity (0.1 t/h), while Dryer ones shows a larger capacity in three cases. On the other hand, the G-

19



10

11

12

13

14

15

16

17

18

19

20

ICE systems capacity installed vary according to its localization. For example, gasifiers with low capacity are
installed near the smallest communities, while the two gasifiers with highest capacity are located close to the
largest communities in order to property satisfy the energy demand and minimize at the same time the
transportation tasks. It is important to remember that the material flows highly depend on the conditions of
each scenario.

Table 7. Equipment capacity for the robust networks configuration.
Dryer (t/h) Chipper (t/h) G-ICE (kW,)

Senso

Old Konkrompe 0.17 0.1 168.98
Fakwasi 0.24 0.1 241.74
Kumfia 0.31 0.12 316.93
Trohye

Bompa

Nwunwom

Boniafo

Abamba 0.1 0.1 97.48
Extrasitel

Extrasite2

Extrasite3

Extrasite4

The above superstructure has an expected profit of $ 1.54x10°, while the remaining objectives achieve a value
of 0.73 and 12, which represents a deterioration of 10%, 1% and 25% for the economic, environmental and
social objectives, respectively, if compared with the solution with the best overall performance seen in the
first case (i.e. Deterministic solution obtained using the ELECTRE-IV method). Note that this direct
comparison might not be very insightful, as both designs are evaluated under different conditions. Hence, a
more sophisticate comparison is described in the next section.
4.3. Deterministic and Stochastic design comparison.

A value of information analysis (VIA) was performed to quantify the performance reduction associated with a
particular decision [35]. Let us consider the expected performance resulting from the solution for the second
case (i.e. stochastic solution) and the solution for the first case (i.e. deterministic solution). Then, the
difference between the stochastic and deterministic objectives represents the impact associated to neglecting
uncertainties.

In order to properly apply the VIA, the designs obtained under deterministic and stochastic conditions in the

first and second case studies must be fixed. Then, the problem has to be solved for their counterpart
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conditions (i.e. deterministic design under uncertain conditions and vice versa). The optimal values for each
objective are shown in Table 8.

From Table 8, it can be seen how the deterministic design under stochastic conditions reach a deterioration of
8.57% and 4.16% for the economic and environmental performance. This means that the deterministic design
is efficient only for specific and known parameters, however, when the situation change this network
performs under suboptimal conditions (reducing the net revenues). On the contrary, the stochastic design
evaluated under deterministic conditions reach a reduction of 52% and 36% for economic and environmental
performance. This reduction seems important, however, it means that the stochastic design reduces the
potential benefits under certain unfavorable conditions of uncertainty, but entails an increase in its average
performance for the entire uncertain space. Therefore, this analysis demonstrated the utility of explicit and
uncertain formulation when some of the required parameters are unknown.

Table 8. Equipment capacity for the robust networks configuration.

Deterministic Design Stochastic Design
NPV($) Impact?0%?., SoC NPV($)  Impact20%,., SoC
Deterministic ;77 547 0.72 16 Deterministic 5 79q 1.15 12
conditions conditions
Stochastic 55 54 0.75 16 Stochastic ;5 gqg 0.73 12
conditions conditions
Value of 8.57 -4.16 0 5248 36.52 0

Information”

. This value is expressed in %

5. Conclusions

In this work, a systematic method to support the supply chain optimal design under uncertain raw material
conditions has been proposed. This strategy allows optimizing a stochastic multi-criteria problem considering
the quality of different streams. Our method consists of a STN formulation combined with a decomposition
strategy to produce a flexible formulation while reducing the computational effort required to solve the
problem. Additionally, the ELECTRE IV method was presented as a tool to take a final decision in a quick
and systematic way, thus facilitating decision-making tasks and avoiding subjectivity in the selection of the
final solution.

The capabilities of this approach have been successfully proved using as a test bed a multi-scenario multi-

objective design and planning of a bio-based supply chain problem. It has been found that this method allows
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managing different material flows with different properties in a sustainable way, thus ensuring an energy
supply and reducing operational costs.

Furthermore, this approach can be used in different engineering problems in which material flows quality
must be considered explicitly. In the future, the combination of this method with alternative decomposition
strategies and scenarios reduction methods will be explored. Besides, additional works involving energy
supply issues will be further investigated to increase the robustness of the final solution in real life energy

supply chains.

Nomenclature

Abbreviations
MO Multi-objective
SC Supply chain
MOO Multi-objective optimization
MILP Mixed integer linear programming
PSE Process system engineering
SAA Sample average approximation
STN State Task Network
LCA Life Cycle Assessment
LCI Life Cycle inventory
IS Industrial Symbiosis
G-ICE Gasifier internal combustion engine
LV Low voltage
MV Medium voltage
LHV Lower heating value
MC Moisture content
O&M Operation and maintenance
MILP Mixed integer linear programming
VI Value of information
MFP Micronized food products
ANN Artificial Neuronal Network
Indices
S Material State
j Technology (Treatment/Pre-treatment equipment’s)
i Task
f Origin sites
f Destination sites
t Time period
c Scenarios
k Interval for Piecewise approximation (Economies of scale)
e Supplier site
m Market site
a Midpoint environmental category
g Endpoint damage category
Sets
T Task that produce material s
T, Task that consume material s
C Set of scenarios
Erm Suppliers e that provide raw materials
E“pmd Suppliers e that provide production services
E,, Suppliers e that provide transportation services
FP Materials s that are final products
I Task i with variable input
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Tasks i that can be performed in technology j

Je Technology j that is available at supplier e
Ir Technology that can be installed at location f
J; Technology that can perform task i
Istor Technologies to perform storage activities
Mkt Market locations
Ntr Not transport tasks
RM Materials s that are raw materials
Sup Supplier locations
Tr Distribution tasks
RS Raw set of solutions
x* Optimal set of solutions for scenario ¢
o) Space of uncertain parameters
KO, Ascending pre-ordered set of solutions
KO, Descending pre-ordered set of solutions
Parameters
Agfec Maximum availability of raw material s in period t in location f and for scenario ¢
Demgy, Demand of product s at market f in period t
Distancesf, Distance from location f to location f*
FCF]jft Fixed cost per unit of technology j capacity at location f in period t
FE/fpt Increment of capacity equal to the upper limit in interval k for technology j in facility f
rate Discount rate
Invest™¥  Investment required for medium voltage
M Big positive number
NormkF, Normalizing factor of damage category g
Pricegs; Price of product s at market f in period t
Pricelimit Inv_e_stment required for an increment of capacity equal to the upper limit of interval k for technology j in
ifie facility
Tortuosity Tortuosity factor
Water, Moisture for material s and scenario ¢
Water'*  Maximum moisture for task i performed in equipment j
Asij Mass fraction of task i for production of material s in equipment j
Qi Mass fraction of task i for consumption of material s in equipment j
Bjs Minimum utilization rate of technology j capacity that is allowed at location j
Cag g endpoint damage characterization factor for environmental intervention a
Oijrs Capacity utilization rate of technology j by task i whose origin is location f and destination location f”
pg;f,t Unitary transportation costs from location f to location f” during period t
Zutl Unitary cost associated with task i performed in equipment j from location f and payable to external
sfet supplier e during period t
Fut Unitary cost associated with handling the inventory of material s in location f and payable to external
sfet supplier e during period t
Xest Unitary cost of raw material s offered by external supplier e in period t
Environmental category impact CF for task i performed using technology j receiving materials from node f
Vijssra and delivering it at node f*
ll)iTja Environmental category impact CF for the transportation of a mass unit of material over a length unit
Ac Uncertain parameters vale
q Indifference threshold
p Preference thresholds
v Veto thresholds
Prob, Probability of occurrence of scenario ¢
Variables
DamCgyre  Normalized endpoint damage g for location f in period t and scenario ¢
Damcgf Normalized endpoint damage g along the whole SC for scenario ¢
EPurch,;. Economic value of sales executed in period t during scenario ¢
ESales,, ~ Economic value of sales executed in period t and scenario ¢
FAsset,.  Investment on fixed assets in period t and scenario ¢
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FCostsc
Fyfec

FEjfec

HVge

ICaftc
Impact?2°?

2002
Impactyer,

NPV,
Pijrpiece
Profitse.
Pvgijfee

Purchl;
Purchl*
Purch!;
Salessgritc

Fixed cost in facility f for period t and scenario ¢

Total capacity technology j during period t at location f and scenario ¢

Capacity increment of technology j at location f during period t and scenario ¢

Lower heating value for material s during scenario ¢

Mid-point a environmental impact associated to site f which rises from activities in period t and scenario ¢
Total environmental impact for site f and scenario ¢

Total environmental impact for the whole SC

Economic metric for a deterministic case (just one scenario c)

Specific activity of task i, by using technology j during period t, whose origin is location f and destination
is location f” and scenario ¢

Profit achieved in period for each facility f at time period t and scenario ¢

Input/output material of material s for activity of task i with variable input/output, by using technology j
during period t in location f and scenario ¢

Amount of money payable to supplier e in period t associated with production activities

Amount of money payable to supplier e in period t associated with consumption of raw materials
Amount of money payable to supplier e in period t associated with consumption of transport services
Amount of product s sold from location f in market /” in period t and scenario ¢

Ssftc Amount of stock material s at location f in period t and scenario ¢
SoC, Surrogate social metric at each scenario ¢
x First stage decision variables
Ve Second stage decision variables
Sol, Solution 1 performance to compare in ELECTRE-IV
Sol,, Solution 2 performance to compare in ELECTRE-IV
ENPV Expected net present value
ESoC Expected social performance
Binary Variables
Vit Technology installed at location f in period t and scenario ¢
Zsfic Facilities f and f” interconnected by a medium voltage line during scenario ¢
SOS2 variable
Variable to model the economies of scale technology j in facility f at period t as a piecewise linear
Sifwe function
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Appendix A

Technologies characteristics

The gasifier requires that the inlet material strictly satisfies a physical homogeneity (chipped) and a MC lower
than 20% (dried). It is assumed that chipper and dryer work an average of 8 h/d while the gasifier works in
average 16 h/d. The project has a lifespan of 10 years which is a typical length in this type of SC’s [36]. On-
field storage is allowed only before chipping and gasification. This kind of storage represents an economic
and simple option providing assurance of biomass availability against seasonality, as well as aims to reducing
pre-treatment/treatment capacities. It is important to notice that this kind of storages is only applicable for
primary waste and if secondary waste is considered other type of storage may be required.

The capacities of chipper and dryer are assumed to have the same range than those capacities employed while
processing maize in micronized food products (MFP) during one day. Those capacity ranges, the investment
and operation and management (O&M) costs are taken from the literature. The required parameters and
physical limitations used to model the activities in the mathematical formulation are described below.

1. Biomass generation. The cassava is harvested and subjected to different treatments in Food
Industries which produce a cassava waste with unpredicted properties.

2. Drying. A rotatory drum is the equipment used to decrease the inlet MC to the desire value of
20%wi/w. This unit has an energy efficiency of 99% and use diesel as utility. The diesel price is
defined as $1133.31/t and the available capacities for rotatory drums are assumed in the range of 0.1-
5 t/h [39]. In this task biomass changes its MC and LHV values proportionally to the water removed.

3. Chipping. Chipping task is mandatory, placed after drying one. It consumes electricity which is
directly taken from the G-ICE system. Chippers have 96% energy efficiency and, similarly to dryer
units, their available capacities range from 0.1 to 5 t/h [37].

4. G-ICE system. As has been commented, in this model the key parameter to control is the MC, since
complementarily with the amount of inlet air highly influence the producer gas
composition/performance. The gasification production capacity range between 5-100 kWe. The main
parameters and outputs associated to this equipment are shown in Table A.1. Here, the equipment

efficiency represents the main parameter and will impact in the amount of Biomass required [38].
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5. Transportation. Solid biomass should be distributed from its origin point to a storage place or to pre-

treatment/treatment sites by tractors. The capacity of this equipment (Tractors) was set at 10 t, which

represents the upper level of tractor capacity. The price of transport task depends on the amount of

material transported and the distance among sites. Lineal distances among nodes expressed in km are

corrected through a tortuosity factor of 1.8 [39].

6. Distribution grids. This task represent another type of transportation, but this time is energy

transportation and not material. LV and MV are considered as “equipment”. The LV distribution line

has 6% losses in energy terms while MV distribution line losses are proportional to the power

demand, as indicated in [40].

Table A.1. Principal output values and specification for the - G-ICE system.

Parameters Values
Tgasif(°C) 702
Flowrate (kg/h) 35.33
LHV(MJ/kg) 6.32
CGE(%) 68
Power(kW,) 15.8
(%) 17

It is considered that the electricity demand should be partially or totally satisfied. The demand has been

estimated for each community considering a direct relationship with its population density. Particularly, the

highest gross demand is set to be 448.65 kWh/d, while the lowest is 21.17 kWh/d, as shown in Table A.2.

Table A.2. Energy demand and population distribution in Atebubu-Amantin district.

Community  Population (2010) Net demand (kWh/d) Gross demand LV (kWh/d) Gross demand MV (kWh/d)
Senso 296 42.43 45 61.63
Old Konkrompe 566 88.6 93.96 119.48
Fakwasi 1881 333.2 353.35 393.67
Kunfia 2834 423.05 448.64 501.92
Trohye 376 58.65 62.2 78.84
Bompa 512 69.88 74.11 114.43
Nwunwom 122 19.97 21.17 31.57
Boniafo 489 84.86 89.99 115.51
Abamba 653 91.1 96.61 122.13
Appendix B

In order to ease the understanding of the model, the variables and constraints are classified in four groups.

The first one describes process constraints, which provides the topology of the SC. The second one deals with

the economic metric applied, while the third refers to the environmental model used. Finally the fourth group

describes the objective function for this formulation.
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5.1. Process model

As commented before, this model is an adaptation of the model presented by Pérez-Fortes et al. [20].which
use an extended STN model representation adapted to the design and planning SC problem. The basis of this
formulation is that a node is defined for each activity (transportation, pretreatment and treatment) collecting
all the information through a single variable set. Therefore the key variable in this formulation is Py,
which represents the specific activity of task i performed using technology j receiving input materials from
site f and delivering output materials to site /' at time ¢ and for scenario c. Treatment and pre-treatment
activities are modeled considering that facility f and f’ are the same since those activities must receive and
deliver material within the same site (P;; .. ). Otherwise, for distribution activity, facilities f and f’ must be
different. This feature eases the economic and environmental metrics formulation and also facilitates the
control of inputs and outputs materials for all the activities. Notwithstanding, multiple meaningless variables
are produced increasing the required computational effort.

The SC material balances were modelled by a single equation set for all materials and echelons as stated in
the STN formulation. Those balances must be satisfied at each node of the network. The expression that
balances each material s consumed at each potential facility f in every time period t and every scenario c is

given in Eqg. (B.1). Parameter ag;; is defined as the mass fraction of material s that is produced by task i
performed using technology j; T set refers to those tasks that have material s as output, while @;; and T set

refer to a task consuming s material.

Sste = Ssft-1c = z Z Z UsijPijriec
fr i€Ts je(jinisr)

—ZZ Z siiPijsfrec

fri€Ts je(jingy)

vs, f,t,c (B.1)

Notice that the material coefficients (consumption/production factors) for a given activity are fixed and
represented by the ay;; , @ ; parameters; however, there are activities for which the model should define an
inputs mixture in order to achieve a given value for a specific biomass property (i.e., moisture content). In

order to account for those activities the mass balance must be modified as shown in Eq. (B.2).
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sztc — Isft—1c — Z Z Z asijpijfrftc - Z Z Z &sijpijffltc

1 i€Ts je(jinigr) fr i€Ts je(jinif)

+ Z Z Pvugijfee Vs, f,t,c (B.2)
iG(TsﬂDjE(jiﬂ]_f,)

Pvugijfee
ie(TsnD je(jingr)

In order to ensure the energy balance Eq. (B.3) is defined. Here, the heating value (HV,.) for material s and
scenario ¢ changes in activity i if this task is a pretreatment one and explicitly modifies the biomass properties

or if it is a task that just changes the shape of biomass but it is receiving different kinds of biomass as input.

D Hbex Posgipee = ) HVie x Pz vi€Lfite (B.3)

SETs seTg
Notice that the heating value for the feedstock depends on the properties of the raw material, and specifically
on their moisture content, therefore Eq. (B.4) must be satisfied. In this constraint Watery. and Water;]"**
represents the moisture content for material s and scenario ¢ and the maximum moisture content permitted for

task i performed in equipment j, respectively.

Z Watery, * Pvg;jpec < Water{]'™* Z Pygijrec vi €lj,f,t,c (B.4)

s€s; S€S,
The combination of Eq. (B.3) and Eq. (B.4) allows reducing the energy required to dry the biomass allowing
the mixture of different quality biomass feedstocks. Therefore both the design and retrofit of SCs will be
affected by those mixtures. In this sense, Eq. (B.5) and Eq. (B.6) select the installation of the equipment
technology in the potential locations as well as its temporal capacity increase. In order to skip a complex non-
linear formulation while calculating the capacity expansion, a piecewise linear approximation in k different
intervals was applied. This formulation uses the so-called SOS2 variable ($;fxe), in which at most two
consecutive variables are non-zero. The FE}}’,?“ represents the limit of capacity expansion for interval k while
Visec is @ binary variable indicating if the capacity of technology j is expanded at site f in period ¢t and
scenario ¢ or not. Eq. (B.7) describes the total capacity Fjs.. bookkeeping taking into account the amount

increased during planning period t (FEjz. ).
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D Eipuce * FESRI = FEype, Vi€ Jpfitc (B.5)

k
D & = Vige vjE Jpfite (.6)

k

Fiste = Fife—1c + FEjpec VjE jf:f, t,c (B.7)
In order to ensure the total production rate at each plant, Eq. (B.8) defines the boundaries for the production
rate being bigger than a minimum level (B;¢) and lower than the available capacity. This capacity is expressed
as equipment j available time during one planning period, then 6;;.., represents the time required to perform
task i in equipment j per unit of produced material. Since operation times are determined, this parameter can

be readily approximated beforehand.

BirFift-1c < Z Z Bijrrr * Pijrriee < Fife-1c Vj€ juf.tc (B.8)

fri€l;
Eqg. (B.9) guarantees that the amount of biomass s purchased from site f at each time period t is lower than an
upper bound given by physical availability Asf.. which is different at different scenarios (e.g., seasonality,
crop/plantation yield in a specific region). Eq. (B.10) aims to stablish the electrical network (i.e. if locations f’
and f are interconnected). The binary variable Z, s, has a value equal to one if f” and f are interconnected at
scenario c, and 0 otherwise; while M represents a big positive number. Additionally, the model assumes that
part of the demand can be left unsatisfied because of limited production or supplier capacity. Thus, Eq. (B.11)

forces the sales of product s carried out in market f during time period t to be less than or equal to maximum

demand.
Z Z ZPijff,tc < Agfec Vs € RM,f € Sup,t,c (B.9)
fr i€Ts jej;
Piirrite S M * Zg,pc Vs € FP,i € Mkt,f' & Mkt, t,c (B.10)
z z Zpijf’ft,c < Demgy, Vs € FP,f € Mkt,t,c (B.11)
fr i€Ts jeg;

For further model details the reader should refer to [20].
5.2. Economic model.
The expression representing the operation costs, the total capital investment, and NPV are next described in

detail. The total expected revenue obtained in any period t can be easily modelled as stated in Eq. (B.12).

ESaless, = Z z Salessppic * Pricegs,, Vfé& (Mkt USup),t,c (B.12)

SEFP fre Mkt
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Overall operating cost can be computed by means of the estimation of indirect and direct costs. The total fixed
operating cost for a given SC structure can be represented as Eq. (B.13), where FCFJ . is the fixed unitary

capacity cost of using technology j at site f.

FCosts. = Z FCF] ¢t * Fifec V¢ (Mkt USup),t,c (B.13)
j€ly
The Eq. (B.14) describes the cost of purchases from suppliere, considering raw material purchases,
transportation, and production resources at any scenario c.
EPurch,,. = Purchl® + Purch®; + Purch?; Ve,t,c (B.14)
The purchases of raw materials (Purch}: ) made to supplier e are evaluated in Eq. (B.15). The variable X,

represents the cost associated with raw material s purchased to supplier e. Transportation and production

variable costs are determined by Eq. (B.16) and Eq. (B.17), respectively. The provider unitary transportation

cost from location f to location f' during period t is represented by pg;f,t. Similarly, r}‘jg}et signifies the

unitary production cost associated to perform task i using technology j, whereas r}j-f?et represents the unitary

inventory costs of material s storage at site f. The parameter 7}, and 7}/, entails similar assumptions to

the ones considered with regard to ag;; and @, since the amount of utilities and labor required by an activity

are proportional to the amount of material processed.

Purchllt = z z zz Pijrrec * Xest VfE€EEmtc (B.15)

SERM fEF, i€Ts jEJ;

Purchgc = Z Z Z Z PijfftC * pg?f’t Ve€e Etr' t,c (B 16)
leTr je(inje) f [

Pl =SS S B

[ igTr i€Ts je(JinJe) Vee Epmd’ tc (B.17)

+ Z z sztc * Tluj?zet

s feé(Sup UMkt)
The total capital investment is calculated by means of Eq. (B.18) and Eq. (B.19). Investment costs include
those required to expand the technology’s capacity j in facility site f in period t as well as to connect two
different locations f and f’ by using a medium voltage network (Invest™"). Recall that an economy of scale

for technologies capacity is considered in which Price}}’?“ is the investment for a capacity expansion equal to

it of i limit
the limit of interval k (FEjf™).

FAsset,, = Z Z Z Price/f"  &pec + Z Z Invest™’ Distancess, Zsre V't =0,c (B.18)
i f k f
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FAsset,. = ZZZ Priceffi™  &yec Vt>0,c  (B.19)

The calculation of profit at each time perlod |s represented at Eq. (B.20). Finally, the rate of return used in a

discounted cash flow analysis to determine the NPV is computed by means of Eq. (B.21).

Profits,, = ESales¢. — (FCostftC + Z EPurcheftc> * Xost vVf,tc (B.20)
Profltftc FAssetg,
NPV, = ZZ( (1 + rate)t (B.21)

Finally the expected NPV is defined as in Eq. (B.22), considering the probability of occurrence prob,.

ENPV = Z NPV, * prob, (B.22)

5.3. Environmental model.
In accordance with the LCA method, environmental interventions are translated into environmental impact
through a characterization factors which are represented in Eq. (B.23). The environmental impact associated
with site f, as a consequence of carrying out activities in period t under scenario c is calculated through the
variable ICqf... Parameter v;;55,, represents a characterization factor for the environmental impact associated
to a specific task i performed using technology j, receiving materials from node f and delivering them at node

f' for each environmental category a.

ICqptc = Z Zzlpijfﬂa * Lijffrte Va,f,tc (B.23)

]E]f iEIj fr
Since all environmental impacts are assumed linearly proportional to the activity performed (P;jffiec),

parameter ¥;;¢r,q should be fixed and constant. The value of the environmental impact factor 1;ss,, is
associated with transport and therefore it is calculated for each pair of nodes as is formulated in Eq. (B.24).
Here Parameter ¢sza represents the a characterization factor of the environmental impact associated to the
amount of material transported over a given distance. In order to correct the estimated distance between
nodes, a Tortuosity factor was defined. In this work the environmental impact in distribution activities is
assigned to the origin node.

1/)L.J.ff,a = wiTja * distanceffr * Tortuosity vieTr,jel,af,f (B.24)
Eq. (B.25) introduces DamCyy.. variable, which is a weighted sum of all environmental interventions. They
are combined using g endpoint damage factors {,,, normalized with NormF, factors, as the LCA method

indicates [41]. Moreover, Eq. (B.26) calculates g normalised endpoint damage along the SC (Dam(C ¢ ).
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DamCgysec = Z NormlFy # {gg * ICqpec Vg, f.t,c (B.25)

a€Ag
DamCjf = Z Z DamCppec Vg, c (B.26)
f ot
Eqg. (B.27) sums the endpoint environmental damages for each site f while Eqg. (B.28) calculates the expected

environmental impact as a function of the probability of occurrence of scenario c.

Impact}** = ZZDangﬂc Vf,c (B.27)
gt

ImpactsS,, . = Z Z Z Z DamCyy. * prob, (B.28)
ft g ¢

For further details about the operational and environmental formulation the interested reader is referred to
[42].

5.4. Objective function.
Without loss of generality the social impact is associated to the amount of working places which promote the
economic activation and will lead to an improvement in the lifestyle of the community around the industry.
Therefore, social criterion is the number of sites that have a treatment or pre-treatment system installed as

shown in Eq. (B.29). The binary variable Vs, characterizes the number of units installed per site, this

criterion assigns a value of 1 to each unit installed per site f.

SoC, = ZZZVWC Ve (B.29)
j f t

It is very important to comment that in order to ease the formulation of the MO problem, Eq. (B.30)

introduces the expected SoC impact as a function of the probability of occurrence prob,.

ESoC = ZSOCC * prob, (B.30)
It is important to highlight that the pro;)osed social performance calculation is less efficient than other
methods, such as social life cycle assessment. However, here the social performance is used as a crude
assessment to illustrate its effect on the solution’s selection in the proposed method. In this particular model
ESoC and Impact2292,,, will be optimized (maximized and minimized respectively) together with the

economic criteria (ENPV). The overall optimization problem can be posed mathematically as follows:

r)r}@yX{ENPV, — Impact229?,,,, ESoC} (B.31)

Where, X denotes the binary variables set, while Y corresponds to the continuous variable set.

X €{0,1}; Y e R* (B.32)
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