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Abstract: The goal of this research is to develop a novel second-generation-based biogas supply chain
network design (BG-SCND) model that takes into account the triple bottom line approach. Biogas is
a promising renewable energy source that can be obtained from a variety of easily accessible second-
generation wastes, including animal manure, municipal waste, and agricultural leftovers. Integrated
optimization of the biogas generation system is essential for a speedy and environmentally friendly
transition to sustainable biodiesel production. The dynamic environment of the energy market
significantly impairs the decisions of the BG-SCND model; therefore, a hybrid solution approach
using flexible programming and possibilistic programming is suggested. To verify the suggested
model and approach for solving the problem, a thorough computational analysis of a case study is
conducted. The case study findings demonstrate that considerable investment is necessary to attain
social and environmental well-being goals and safeguard decisions against epistemic uncertainty.
Policymakers involved in the planning of biogas production and distribution projects may find the
proposed approach useful.

Keywords: second-generation feedstock; linear programming; biogas supply chain; flexible programming;
possibilistic programming

1. Introduction

The world is currently witnessing the worst energy shortage in history, which is
threatening both the sustainability of the energy supply and the advancement of the
economy. Coal, petroleum products, and other conventional resources such as methane
are all nonrenewable. Moreover, the need to investigate alternative sources has been
reinforced by declining environmental health, rising import costs, and exponential growth
in energy prices. To address the global energy issue, alternative energy supplies that are
abundant, eco-friendly, and socially sustainable are required. Biofuels have been suggested
as a substitute by experts and policymakers due to their wide commercial applications.
Biogas, one of the available biofuels, is particularly significant, since it has a very high
calorific value and may be used directly as fuel or indirectly to produce power [1,2]. Biogas
is the combination of gases made through the breakdown of organic materials with the
nonappearance of oxygen (anaerobically) [3]. Anaerobic digestion has been rated as one
of the most energy-efficient and ecologically friendly methods for producing biogas and
has many benefits [4]. By using locally accessible biomass, it may significantly cut carbon
emissions when compared to fossil fuels, which have spurred significant public and private
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interest globally [5]. Biogas can be produced from different types of waste, such as animal
waste, municipal solid waste, and various types of crop residuals. Hence, using these
wastes as biomass for the production of biogas can be both an excellent waste control
strategy and a cheap source of energy generation [6].

In addition to employing inexpensive feedstock and processing technologies, an
effective system of the biogas supply chain (SC) is crucial in enabling large-scale biodiesel
production to be financially, environmentally, and socially viable. In this context, the
increasing development of the business has prompted policymakers to employ SC network
design optimization models by adopting a sustainable approach [7]. All supply chain
network echelons must be arranged in a way that ensures the effective flow of resources
and information to effectively turn biomass into biogas. Waste collection, pretreatment
processing, storage, and transferring biomass, as well as converting biomass to biogas,
and its distribution in the market are different stages of the biogas SC. An effective SC
network design necessitates centralized strategic, tactical, and operational-level planning to
maximize the economic feasibility of the biogas supply chain. In the past, awful impacts of
commercialization on the environment have led all industries toward sustainable growth,
while concurrently considering socio-economic aspects [8,9].

In this context, it is vital to establish a decision support system (DSS) that can aid poli-
cymakers in achieving both commercialization and sustainable growth goals. Additionally,
due to the highly complex market, biogas SCs are more vulnerable to parameter uncertainty
than commercial SCs, since biomass supplies are wastes, which are seasonal and dependent
on the use of primary items, while the price of biogas and biomass, as well as transportation
costs, are determined by global fluctuations in crude oil prices. Looking at the research
related to biogas SC design, most of them have ignored the crucial aspect of operational
uncertainty. Although some of them have taken a stochastic approach to address this issue,
stochastic techniques require previous data to build probability distributions for imprecise
parameters, which are not always accessible for all parameters. In light of this, experts have
suggested employing a fuzzy technique that does not require previous data and is based
on the possibility distribution. There are only a couple of studies that have employed a
fuzzy solution approach to designing a biogas SC. Furthermore, there is no study in the
field of biogas supply chain network design (SCND) that has provided a DSS for managers
and policymakers to achieve an efficient trade-off among the three sustainability aspects of
economics, environment, and society by using a fuzzy optimization technique. To bridge
the research gap, this research proposes a multi-objective mixed-integer linear program-
ming (MILP)-based biogas supply chain network design (BG-SCND) model, considering
operational environment uncertainty. The BG-SCND model’s goal is to maximize social
benefits and reduce carbon emissions from biogas SC-related operations, while also reduc-
ing the system’s overall SC cost. Against this background, the following research questions
are addressed in this study.

e How can efficient compromise among sustainability dimensions in a biogas SC net-
work be attained based on the preferences of policymakers?

e  How can efficient and robust results for a multi-objective BG-SCND model be obtained
in a highly dynamic environment?

e  How can guidelines for the social life cycle assessment of products (GSLCAP) theory
be employed to quantify the social impact of biogas SC operations?

The remainder of the research is structured as follows. In Section 2, a thorough
overview of the related literature is provided. The problem definition and the BG-SCND
model are presented in Section 3. The FRPP approach is explained in Section 4. A case
study to validate the BG-SCND model and FRPP solution approach is detailed in Section 5.
Finally, Section 6 concludes this research.

2. Literature Review

This section begins by summarizing the most recent SCND models and solution tech-
niques proposed for various types of biofuels, such as methanol, biodiesel, and bioethanol.
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Following this, a thorough analysis of the SCND models and solution approaches for biogas
research is provided. Mathematical modeling-based approaches have been used in several
studies. Among them, MILP has been widely used to design methanol, biodiesel, and
bioethanol distribution networks.

In the category of bioethanol SCND, Akgul et al. [10] provided a static modeling-
based optimization model for the development of a bioethanol SC network, analyzing
factors such as the influence of carbon duty on economic and environmental goals, as
well as the trade-off of economic and environmental dimensions. An optimization model
was presented by Ghaderi et al. [11] to examine the economic, social, and environmental
impact of a bioethanol SC. To deal with the SC’s unpredictable environment, the authors
developed a possibilistic programming (PP)-based method that maximizes the mean value
of the SC’s performance. Gonela et al. [12] suggested a hybrid bioethanol SC network
design model that accounts for sustainability dimensions using a stochastic uncertainty
technique. Marvin et al. [13] also worked on the maximization of the net present value of a
bioethanol SC by formulating the network design problem as a MILP model in the USA
region. The provided model assists in choosing the best site for biorefineries, their ideal
capacity, and their feedstock cultivation.

Many researchers have worked on developing optimization models for biodiesel SCs.
In this regard, Babazadeh [14] created a multi-product biodiesel SCND model using a
deterministic solution approach to minimize the total cost of the system. Ghelichi et al. [15]
suggested a scenario-based flexible stochastic approach to reduce the present value cost
for a Jatropha-based biodiesel SCND model. Mirhashemi et al. [16] developed a two-stage
optimization approach to enhance the commercialization of oleifera-based biodiesel. In the
first step, the proposed study uses data envelopment analysis (DEA) to rank appropriate
oleifera growing sites, followed by a MILP model to derive strategic and tactical-level
decisions of investigated SCs. Habib et al. [17] assessed the feasibility of waste animal fat to
produce biodiesel for the region of Pakistan. For this purpose, the author developed an SC
model intended to minimize overall costs. An RPP-based solution technique was provided
to address the operational uncertainty in the SC model. This study was further extended
by Habib et al. [18] by taking into account disruption risk linked with the previously
investigated biodiesel production and distribution model. Mohtashami et al. [19] proposed
a two-stage optimization model for a Jatropha-based biodiesel SC. In the first step, a
common-weight DEA approach was used to identify potential Jatropha-growing locations,
and then a multi-objective model based on the sustainability paradigm was used to obtain
decisions. An e-constraint approach was applied to obtain an efficient trade-off solution
among sustainability dimensions.

For methanol SCNDs, a few authors have proposed decision-making models. In this
regard, Villicafia-Garcia et al. [20] developed a mathematical model to minimize water
usage and carbon emissions, and maximize profit for the strategic planning of the methanol
SC, while accounting for incentives to use local resources. Nugroho et al. [21] proposed an
agent-based simulation model to investigate the techno-economic and life cycle evaluation
of the methanol supply chain. The proposed methanol SC model’s primary considerations
include the biomass and methanol ordering strategy, capital budgeting of the methanol SC,
and CO; emissions/ton of methanol. Leduc et al. [22] used spatial modeling to analyze
the cost of the methanol supply chain in the German region. For this reason, a variety of
costs related to the methanol SC, including biomass collection, handling, shipping, and
methanol production, were considered.

Several authors have proposed mathematical models for biogas SCNDs. In this
aspect, Sarker et al. [23] used a non-linear mixed-integer model to optimize a biomethane
gas SC network design with varied feedstock crops, grass, wood wastes, and animals.
The suggested solution does not account for the uncertainty associated with the model
input parameters and was solved using a genetic algorithm. Jensen et al. [24] proposed a
deterministic MILP model for biogas SC network design based on animal manure and crop
waste, and calculated operational and capital investments from the place of production
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to the market zone. Egieya et al. [25] also used a deterministic MILP technique for biogas
SC design and used agricultural waste as a feedstock. Three objectives—reducing overall
costs, reducing greenhouse gas emissions, and maximizing profit—were considered. Garbs
and Geldermann [26] provided a deterministic model and used a linear cost optimization
technique to investigate the environmental and economic effects of manure transportation
to a biogas plant. Diaz-Trujillo and Napoles-Rivera [27] suggested a deterministic MILP
model for biogas SC design, intending to maximize profit and minimize environmental
impact. A similar deterministic approach for biogas SCNDs was adopted by Park et al. [28],
Balaman and Selim [29], Cheraghalipour and Roghanian [30], and Galvez et al. [31]. All
of the biogas SCND research mentioned above uses a deterministic modeling technique
to provide optimized solutions; nevertheless, the robustness of their solutions cannot
be guaranteed.

A few publications, such as Zirngast et al. [32] and Khishtandar [33], used a stochastic
strategy to cope with operational uncertainty. However, stochastic techniques need a large
quantity of past data in order to accurately predict the distribution. Therefore, fuzzy-based
approaches have been found very effective when used to deal with uncertain circumstances.
In this aspect, Franco et al. [34] adopted a fuzzy-based weighted overlap dominance
approach to obtain location decisions of biogas-processing facilities. Yilmaz Balaman and
Selim [35] presented a MILP model to build an SC network for the anaerobic digestion
of biomass for biogas generation. The model efficiently determined the quantity and
location of biogas production facilities, as well as biomass supply and distribution decisions.
Fuzzy goal programming was employed as a solution approach. This study was further
extended by Yilmaz Balaman and Selim [36] by accounting for thermal energy shortages in
terms of service-level objectives for biogas markets. The authors also considered a fuzzy
environment for the proposed biogas SC model and used fuzzy goal programming to find
a solution. A comparative analysis of the existing biogas research is provided in Table 1.

Examining research related to biogas production indicates that most of them em-
ployed a deterministic MILP modeling strategy, while only a small number of them used
a fuzzy approach to take into account uncertainty in the biogas SC parameters. The fail-
ure to account for these uncertainties in the biogas SC model may result in unrealistic
or suboptimal results. To address the challenge, fuzzy PP-based uncertainty is used to
represent the uncertain behavior of BG-SCND model parameters because there is a lack of
credible historical data regarding these parameters. According to Pishvaee et al. [37] and
Torabi. et al. [38], the most effective method for addressing parameter uncertainty when
there is a lack of historical data is the PP technique, which incorporates both subjective and
objective data. Additionally, by employing the flexible programming (FP) technique, the
idea of soft constraints is also used, and supply, demand, and capacity constraints are all
modeled as soft constraints. Furthermore, the final results’ robustness is critical, especially
for strategic planning (i.e., those about the network and facility location). Therefore, a
flexible robust possibilistic programming (FRPP) technique is developed that significantly
benefits from both FP and robust possibilistic programming (RPP) advantages in order to
obtain robust solutions while addressing various kinds of uncertainties.
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Table 1. A comparative analysis of the existing biogas SCND research.

Uncertainty Type Sustainability Dimension Considered i i
Author Type of Feedstock  Decision Levels Method/Analysis y P y Major Supply _C;lamd
Stochastic =~ Fuzzy  Environmental Economic Social Decisions Considere
Crops, grass, . .
Sarker et al. [23] wood wastes, and Strategic, tactical Genetic algorithm. x X N4 Location-allocation, reactor demand,
) and natural loss of feedstock
animal manure
Jensen et al. [24] Crop waste Strategic, tactical Deterministic MILP X X N4 Locatlon—allocat.lon, capacity, and
material flow
. Operational, . .
Egieya et al. [25] Crop residue, strategic, Deterministic MILP x X v v v Location, material ﬂ ow, transport
manure, grass tactical modes, and conversion technologies
Garbs and Geldermann [26] Poultry Strategic, tactical Microsoft Ex'cel—based 4 X Vv v Transport mod‘el, location, and
modeling material flow
]?1az—Tru].1 llo and Manure, organic Strategic, tactical Deterministic MILP % N4 N4 Location, material flow,
Napoles-Rivera [27] waste and technology,
Park et al. [28] Manure Strategic Deterministic MILP X v v Location—allocation and capacity
Agricultural, Operational, Location—allocation, capacities,
Balaman and Selim [29] animal, and strategic, Deterministic MILP % X N4 . » cap ’
. ) biomass storage
organic wastes tactical
. . Genetic algorithm and
Cheraghal.lpour and Agricultural waste Strategllc and stochastic fractal X X v Location-allocation and capacity
Roghanian [30] operational :
search algorithm
Domestic waste, Stratesic and Deterministic MILP
Galvez et al. [31] agriculture, and st and analytical X X N4 Location-allocation and material flow
: operational .
livestock waste hierarchy process
. Animal manures Strategic and Monte Carlo Locahon—allpcahon and material flow,
Zirngast et al. [32] . . . . v v v capacity, technology, and
and crop residual tactical simulation .
transportation mode
waAs%:C;ét;:}dc Strategic and Monte Carlo
Khishtandar [33] ! &l simulation and v v Location—allocation, material flow
waste, and operational K .
. genetic algorithm
animal waste
Yilmaz Balaman and Selim [35] Animal wastes Strategic, tactical Fuzzy go%al N v v Locat1on—allpcat}on, storage, biomass
and energy crops programming cultivation, capacity
. Operational, . . .
Yilmaz Balaman and Selim [36] Animal manure strategic, Fuzzy gogl v v Location: allo§at10n, capacity,
and energy crops tactical programming material flow
. Fuzzy flexible robust . . .
Sawdust, wheat Operational, ossibilistic Location-allocation, storage, capacity,
This study straw, bagasse, strategic, o I;ammin “based v Vv v v material flow, digestate,
rice husk tactical Prog & GSLCAP-based social aspect estimation

approach
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To the best of the authors” knowledge, this is the first study in the domain of biogas
SC network design to use a flexible RPP technique to acquire decisions that concurrently
take into account economic, environmental, and social factors. Further, this study is the
first to measure the social effects of biogas SCND operations using the most recent social
life cycle assessment approach, known as GSLCAP. Another drawback of current studies is
that existing biogas SC models only take into account the biomass supply to the biorefinery
and ignore the biorefinery to digestate markets phase, which might be crucial for the
economic viability of biogas. Based on the identified gap, the following are contributions
of this research:

e Developing a multi-period biogas SC optimization model to obtain integrated strate-
gic, tactical, and operational-level decisions, while simultaneously considering the
economic, environmental, and social dimensions of sustainability.

e Proposing an interactive flexible robust possibilistic programming technique that
significantly benefits from both flexible programming and robust programming and
provides robust strategic and tactical-level decisions under multiple uncertainties.

e  Using the GSLCAP technique to evaluate the social dimension of sustainability, which
takes a systemic approach by considering job creation potential, unemployment rate,
economic investment decisions, and development level to uplift the underprivileged
regions of the biogas SC.

3. Biogas Supply Chain Model

This paper presents a supply chain planning problem for second-generation biogas.
For this purpose, a BG-SCND model is developed that takes into account economic, social,
and environmental aspects, while dealing with different operational uncertainties. The
considered SC network comprises five echelons: biomass supply points, biomass collection
centers, biogas production plants, biogas distribution and storage centers, and digestate
and biogas market zones. The framework of the proposed BG-SCND model is provided in
Figure 1.

eedstock collection Biogas production Biogas Biogas distribution

|

|

|

|

|

|

|

-} - ¢ =i ¥ P i |
4 |

|

|

centers p lants centers |
Heat |

CO» |
|

|

|

] |

|

|

|

|

|

|

Biogas markets

Figure 1. Framework of the proposed BG-SCND model.

Biomass from feedstock supply locations is collected and sent to biomass collection
centers, where it is stored and then delivered to biogas production plants based on de-
mand. At a biogas plant, biomass is processed, biogas is produced through anaerobic
digestion, and digestate is obtained as a byproduct. Biogas is transported from biogas
production plants to biogas distribution and storage facilities, whereas digestate is trans-
ported straight to digestate market zones. Finally, biogas is delivered from distribution and
storage centers to market zones (customers) to meet market demand. Figure 2 outlines the
comprehensive working of the considered SC and the indices used for decision making in
the BG-SCND model.
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Heat, vehicle
fuel, electricity

Storage capacity
level (u) Biogas distribution

and storage center (s)| Biogas -
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Horticulture level (a)

products Digestate

Pretreatment of
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Figure 2. Working of the considered biogas SC and the indices associated with each stage in the
BG-SCND model.

3.1. Notations

Indices

f Dbiomass type

biomass supply centers

biomass collection centers

biogas production plants

biogas market zones

digestate market zones

biogas distribution and storage centers

time period

production capacity of biogas production plants
capacity level of biogas distribution and storage centers

ﬁhﬂ-m§§®‘ﬁ‘§

Parameters

ICBy, installation cost of biogas production plant b with capacity level a ($)
ICC, installation cost of feedstock collection center ¢ %)
ICSs, installation cost of biogas distribution and storage center s with capacity u ()

CF Tyfr  cost of feedstock type f obtained at feedstock supply center p in time period ¢
($/ton)

HCC, #+ handling and storage cost of biomass f at collection center ¢ in period ¢ ($/ton)

CEH. carbon emissions in inventory handling at feedstock collection center ¢ (kg of
CO,/ton)
PCB, production cost per ton of biogas at production plant b ($/ton)
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TCFy. transportation cost of feedstock from feedstock supply center p to collection center
¢ ($/ton.km)

TCF,, transportation cost of feedstock from feedstock collection center c to biogas pro-
duction plant b ($/ton.km)

TCBys transportation cost of biogas from biogas production plant b to biogas storage
center s ($/ton.km)

TCBs;;  transportation cost of biogas from biogas storage center s to market m ($/ton.km)
TCDy, transportation cost of digestate from biogas production plant b to market zone n
($/ton.km)

Ciax  carbon emissions tax ($/kg of CO,)

CEP, quantity of carbon emissions per kg of biomass pretreatment at biogas production
plant b (kg of CO,/kg of biomass)

CETpc carbon emissions during feedstock transportation from supply center p to feed-
stock collection center ¢ (kg of CO,/ton)

CET,, carbon emissions during feedstock transportation from feedstock collection center
¢ to biogas production plant b (kg of CO,/ton)

CETys carbon emissions during biogas transportation from biogas production plant b to
biogas distribution and storage center s (kg of CO,/ton)

CETsn  carbon emissions during biogas transportation from biogas distribution and
storage centers to market zone m (kg of CO,/ton)

CETy, carbon emissions during digestate transportation from biogas production plant b
to market zone 1 (kg of CO,/ton)

Dy  demand of market zone m for biogas in time period ¢ (ton/period)

Dy demand of market zone n for digestate in time period ¢ (ton/period)

QF,ft  quantity available for feedstock type f at feedstock supply center p in time ¢

1 yield factor of feedstock type f

CP.ft  capacity of collection center c for feedstock f in period ¢

CPy, capacity of biogas plant b with level a

CP;, capacity of biogas distribution center s with level u

Inv,  investment in region c to establish a feedstock collection center ($)

Devl.  development level of region c

Inv,, investment in region b to establish a biogas plant with capacity a ($)

Devl, development level of region b

Invg,  investment in region s to establish a distribution center with capacity u ($)

Devl;  development level of region s

Une, rate of unemployment in region ¢

Job:  job creation potential of feedstock collection center ¢

Une, rate of unemployment in region b

Job,, job creation potential of a biogas plant in region b with capacity a

Unes rate of unemployment in region s

Jobs,  job creation potential of distribution center in region s with capacity u

®ECT priority weight of economic growth index
®/PT priority weight of job creation potential index

Decision variables

FTyerr  amount of feedstock type f transported from feedstock supply center p to biomass
collection center c in time period t (ton/period)

FTpsr  amount of biomass type f supplied from collection center ¢ to biogas production
plant b in time period f (ton/period)

BT,s  amount of biogas transported from biogas production plant b to biogas distribution
and storage center s in time period t (ton/period)

BTsuy  amount of biogas transported from biogas distribution and storage center s to
market zone m in time period ¢ (ton/period)
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DTy, amount of digestate transported from biogas production plant b to digestate market
zone n in time period t (ton/period)

ABP,; amount of biogas produced at biogas production plant b in time period ¢ (ton/period)
ADPy;;  amount of digestate produced at biogas production plant b in time period t
(ton/period)

w. 1if feedstock collection center c is selected; otherwise, 0

Ypa 1if biogas production plant b with capacity level a is selected; otherwise, 0

zsy 1if biogas storage center s with storage capacity level u is selected; otherwise, 0

3.2. Assumptions
Following are the assumptions for the proposed BG-SCND model:

1.  The transportation distances between each echelon are known.

2. Biogas and digestate demand and transportation costs are considered uncertain.

3.  Carbon emission tax is enacted following regional government policy for all stake-
holders.

4. Each terminal in the BG-SCND model has a homogenous fleet of vehicles.

3.3. Economic Objective Function

The economic objective function seeks to reduce the overall costs of the suggested sup-
ply chain model. The first three elements of the objective function represent the installation
costs of biomass collection centers, biogas production facilities, and biogas distribution and
storage centers, respectively. The inclusion of binary variables ensures that the echelons
are only developed if they are economically viable. The fourth term indicates the overall
purchase cost at the individual feedstock supply centers. The fifth term represents the
feedstock handling cost at the feedstock collection center and its carbon emissions cost.
The sixth term reflects the total cost of biogas generation, as well as the expenses of carbon
emissions. The seventh term represents the cost of transporting feedstock from feedstock
supply centers to feedstock collection sites, as well as the cost of carbon emissions. The
eighth term refers to the cost of transporting feedstock from feedstock collection locations to
biogas production plants, coupled with the cost of carbon emissions. The ninth term depicts
the cost of transporting biogas from production plants to distribution and storage centers,
as well as the cost of carbon emissions. The tenth term indicates the cost of transporting
biogas from distribution and storage centers to biogas demand zones, including the cost of
carbon emissions. The eleventh term displays the cost of transporting digestate from biogas
production facilities to digestate demand zones, as well as the costs of carbon emissions.

C B A _ Su
Minimize E(f7¢) = Y. ICCe X we + Y. Y. ICByy X Ypa + LY. ICSe X Zeu+
c b a s u

PCFT

ZZ}:;[CﬁTpﬂ]FTpCﬂ +§,§é)§:[H6CCﬂ + (CEHC x me>]FTpcft+

—

[PéBb i (cpr x cmﬂ ABP,, + éiéé[nﬂfpc + (CET,,C x ctax)}FTpcft+ 1)

[jj[TéFch + (CEch x ctax)]FTchﬂ + %éé[T@Bbs + (CETbS x cmx)} BT+

(thn nM(‘) @‘MCU‘G
MR sMw -1 o

:
ij[T@Bsm + (CETsm x ctax)] BTomt + %gi[TéDbn n (CETbn x cm)] DTy,

3.4. Social Objective Function

The provided social objective of the BG-SCND consists of two primary components:
an economic growth index and a job creation potential index. The economic growth index
(EGI) has two key components. The first is the overall investment in prospective SC facilities
located in specific regions, and the second is the level of development in the region where
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investment is being made. The EGI strives to construct SC facilities with the maximum
possible investment in underdeveloped regions. The EGI is expressed in Equation (2):

C B S u
EGI = Zlnvc x we(1 — Devle) + ZZIm;ba X Ypa (1 — Devly) —l—ZZIm)SM X zgy (1 — Devls) (2)
b a

The second component of the social objective is the job potential index (JPI). The JPI
considers two important parameters: the first is the potential for job creation by an SC
facility in a prospective region, and the second is the rate of unemployment in the region
where SC facilities are established. The JPI seeks to enhance job creation potential by
focusing on locations with low unemployment rates. The following equation represents
the JPI formulation:

C B A S u
JPI =Y " Ufiec x Jobe x we + YY" Uiie, X Jobyy X ypo+Y_ Y Uties X Jobsy Xz (3)
c b a s u

Normalization is necessary for both components, the EGI and PGI, to obtain the overall
value of the social objective function, which is represented by Equations (4) and (5).

EGI — EG™in
G = [Eclmax - EGImin] @)
JPI — JpI™in
]lem = Lplmax _ ]PImin (5)

The normalized values of the EGI and PGI are organized as follows to obtain the total
social impact objective value of the BG-SCND model activities.

Minimize E(fsoc) = QECIEG M 4 pIPTprrm ©)

3.5. Constraints of the BG-SCND Model
Equation (7) fulfills the biogas demand for each market zone in period ¢.

S
Z BTsmt 2 Dt Vm, t )
S
Equation (8) fulfills the digestate demand for all markets in each period.
B ~
Y DTy > Dpr Vn,t ®)
b

Equation (9) assures that the amount of feedstock type f transported to the feedstock
collection center should be less than the quantity existing at the feedstock supply center p.

C
QFyst = ) FTpest Vp St O
C

Equation (10) assures that the amount of biomass f sent from collection center c to
biogas production plan b must be less than the quantity of feedstock supplied from supply
center p to collection center c during each time period ¢.

p B
Y FTpepe =) FTyp Ve, f,t (10)
P b
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Equations (11) and (12) represent biomass conversion to biogas and digestate.
C F
ZZFTbet X T]f = ABPbt Vb,t (11)
¢ f
C F
YY) FTup x (1—1y5) = ADPy v b,t (12)
¢ f

Equations (13) and (14) require that the amount of biogas and digestate supplied from
the biogas plant cannot exceed the total amount produced.

S

ABPy > ) BTy Vb,t (13)
S
N

ADPy > Y " DTy Vbt (14)
n

Equation (15) ensures that the total amount of biogas carried from the biogas distribu-
tion center to the market is always less than the total amount of biogas delivered from the
biogas plant to the biogas storage and distribution center.

B M
Y BTyst — Y BTomt > 0 Vs, t (15)
b m

Equations (16)—(18) limit the processing capacities of functional biomass collection
centers, biogas plants, and biogas distribution centers, respectively.

P
Y FT,cf < CPepy X we Ve, f,t (16)
P

mMﬁ

F A
Y FTepss X1 <) CPopa Vbt (17)
f a

B u
EBTbst < Zcpsuzsu Vs, t (18)
b u

Equation (19) allows the operating biogas plant to select one capacity level and
Equation (20) restricts the selected storage and distribution facility to a single
capacity level.

A
Y v <1 Vb (19)

u
Yz <1 Vs (20)
u

Constraints (21)—(23) assure that all kinds of considered decision variables
are non-negative.

FTyert, FTepft, BTyst, BTsmt, DTyns, ABPyt, ADPy >0 (21)
Binary and non-negativity.
we € [0,1] Ve (22)

YoarZsu € [0,1] Vb,a,s,u (23)
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4. Proposed Solution Methodology

Due to the prevalence of multiple types of uncertainties in the SC network design, a
combination of several methodologies to uncertainty programming has been increasingly
employed in recent years. Against this background, a hybrid solution approach, FRPP,
which is developed by merging flexible programming and robust probabilistic program-
ming, is used to deal with the diverse nature of uncertainties involved in the BG-SCND
model. The generic formulation of the FRPP technique is systematically described here.

4.1. Possibilistic Programming (PP) Model
A generic uncertain SC mathematical model is provided in Equation (24).

Minimize q = am + bn
Such that Cn<7
En=0
~ 24
Fn < Gm (24)
Hn <1

me {0,1}, n>0

where g, b, and r represent uncertain installation and shipping expenses, and demands,
respectively, which follow the triangular fuzzy number. The constraints’ coefficients are
represented by the matrices C, E, G, F, and H. Furthermore, vector m represents binary
parameters, and vector n represents continuous variables. According to Habib [39], if D
is an uncertain number with a triangular possibility distribution D = (D°Pt, D™0st, DPes),
its optimistic (D°P!), most likely (D™°5!), and pessimistic (DP®) values for TEN can be
calculated using Equations (25) and (26) [40,41].

DP' = (1 —0;)D"™! (25)

DP* = (1+09;)D"* (26)

A graphical representation of triangular possibility distribution for the uncertain
parameter D = (D°Pf, D™ost DPes) is provided in Figure 3.

A
1

Hs

\4

0 ' -
D pes D most D Opt D

Figure 3. Triangular possibility distribution of the uncertain parameter D.

The membership function for the uncertain parameter D following TFN can be devel-
oped as follows:

__pes .
Drzizus?Dpe‘S/ lf Dpes <v< pmos
(0) v Yo =D @)
Uplv) = popt _ .
D DDPt—DZI‘)s’ 1f Dmos <p< Dopt
0, if v<DP¢orov> D

(a) Expected value (ExpV) operator
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To transform uncertain parameters of the objective function, the ExpV operator pro-
posed by Jiménez et al. [42] is employed. The EV for an uncertain parameter can be obtained

as follows:
. DPpes 4 ppmos Dort

ExpV(D) 1 (28)

(b) Me-measure

To obtain the corresponding certain form of uncertain constraints of the BG-SCND
model, the Me-measure provided by Xu and Zhou [43] is employed. The Me-measure
efficiently allows a manager to pick any point on the spectrum of the Nec-measure and
Pos-measure. If 9 is an uncertain parameter of constraint, then its equivalent Me-measure
form can be obtained as follows:

Me{5 > v} = Nec{5 > v} + H{Pos{g > v} - Nec{é > UH (29)

where 71 controls the behavior of the SC manager on the spectrum of Nec-measure and
Pos-measure. Me-measure transformations for the following cases are given below:

1 USBl
- T+ (1— )22 01 <v<d
M(Z{aZU}Z n(ag—v )82*81 al<_ <_a2 (30)
33—0; 25003
0283
0 Ugal
v—0
Me{5<v}: 7Taz_all ; 01 <v <o, (31)
pS 7'(—|—(1—7‘[)av3__az2 d2 < v <03
1 7)283

Based on Equations (30) and (31), the Me-measure for the cases of Me{g < v} and
Me{g > v} can be obtained as below:

Me{5§v} 2/3(:)7T+(1—7T);3__8822 >Bev> (/3—7{)8131—7(11—71)82 (32)
Me{’ézv} 2[3<:)7r—0—(1—7t);22:;1 >Beouv< (ﬁ_”ﬁfff_")az (33)

The mathematical model provided in Equation (24) is converted into an equivalent
form by using the ExpV operator provided in Equation (28) and the Me-measure provided
in Equations (32) and (33) as below:

Minimize ExpV[q] = (M}w m—+ (W)n

Such that Cn < (51*7'[)7’pelsj£[lfn)r’”05f
oy (34)
Fn < (ﬁz—n)GWlSj_g_n)Gmostm

Hn <1
me{0,1}, n>0, 05<p1,B2<1

where 1 and B, are the minimum levels of confidence for uncertain constraints.

4.2. Flexible Possibilistic Programming (FPP)

Herein, the PP formulation obtained in Equation (34) is further modified by integrating
flexible programming. The modified form after FP integration is as follows:
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Minimize ExpV|[q] = (
Such that Cng (51*71)7P‘315+(1,7r)rmost

—7T

En=0 (35)
Fn<(‘32 ﬂ)GPL 7(.[1 7T)Gm”Stm

Hn <1

me{0,1}, n>0, 05<B1,B82<1

pes most opt pes most opt
a +2a4 +a m+<b +2b4 +b )n

In Equation (35), the symbol of < is added for constraints containing uncertain parameters.

e . pes most | opt pes most _popt
Minimize ExpV[q] = (2000 ) + % n

Suchthat Cn < { =) rpmr 1 )r mm} + [§P€S+zgzosf+gozﬂf (1- sl)}

En - O GPes - (1— G’”"St pes most pes (36)
Fn < [(,52*”) 177{[ ) }m + [%(1 _ 82)]111
Hn <1

me {0,1},7’1 > 0105 < ,Blr‘BZ < 110 < €1,€2 < 1

In Equation (36) [W(l - 81)] and [W(l - 82)} m are added in

constraints containing < symbols, which makes the constraints more flexible. These terms
define the extent of a possible violation of each constraint based on the preference of the
SC manager. Here, €1 and ¢ are the confidence level (CL) of the manager for the possible
violation of the constraint.

4.3. Flexible Robust Possibilistic Programming (FRPP)

The FPP formulation provided in Equation (36) can efficiently tackle the operational
uncertainty which arises due to lack of information and also incorporates flexibility in the
uncertain constraints. However, FPP cannot control the deviation over and above the ExpV
of the objective function. This drawback can be effectively overcome by the incorporation
of RPP. In this research, the RPP-II form proposed by Pishvaee et al. [37] is adopted. The
equivalent FRPP formulation of Equation (36) is as below:

Minimize ExpV[q) + ¥ (q..max — ExpVq]) + 11 [(W) - r/""s] +

1-m
. es o most S mos, 0, es 1108, es
KzK(ﬁz mGP+(1-m)G ) 7Gpes} + o [i;pe 24" L g 781)] T pz[W(lfgz)}m
Such that ExpV[q] _ (ﬂpes+2azust+anpf )m + <bp£5+2brzost+bopt )n
Gmax = umostm + bmnst (37)
es pmost es no. op

n§[51nr+1n }4_{;? +2§4$'+§“(1_€1)}

En=20

Fn < [ Bo—7) pr: 1 p anoct}m n |:9pgs+291205f+9ﬁ135 (1 - 62)} m

n<1l

mG{O,l}, n2>0, 05<p1,p <1 0<e,e<1

where ¥ is the scaling factor of the second term that provides optimality robustness

(OR), x1 and «; are the penalties for violating the uncertain constraints due to operational
uncertainty that enhance feasibility robustness (FR), and g1 and g, are penalties for
integrating the flexibility in constraint goals.

4.4. Transformation of the BG-SCND Model into an Equivalent Crisp Form Using
FRPP Methodology

In this section, the FRPP methodology is implemented on the proposed BG-SCND
optimization model through the following three phases:
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4.4.1. Stage I: Conversation of the BG-SCND Optimization Model into a PP Formulation

In the first stage, the uncertain BG-SCND model is transformed into a PP formulation
as follows:

C pes most opt
Minimize ExpV(frc) = Z(ICCC F2ACCTTHICC ) o g, + ZZ

c
T CFT"® +2CPT”’””+CFT0W
t t t
Zt [ < pf Pf pf FTpc i

pes most opt
CEH?® {2CEH"! + CEH’ )x me)

ICBp“-i—ZICB”’”“—&-ICB””t
X Yba +

4
C

L
c

pes most opt
ISl +2UCS I+ ICS() > —_—
pes opt
HCCl +2HCC;']‘3”+HCCC " ) N (

<M~

M=

4

F
D
f
( FTpei+

CB}* +2PCB}" + PCB)"

CEPlfeS—s-ZCEPg”GS’-i-CEP;p'
7

7N
o -

X me> ] ABPbri‘

4 (
T TCF””+2TCF"'0“+TCP"” CETF® +2CETM0st + CETY!
X < gt ) X Cuax ) | FTepit (8)
tL
TT pes most opt pes most opt

TCFh +2TCF +TCF’} CET, +2CET +CETY}
)y > < ) X Ctux)]Fchft+
tL
+

TCB} +2TCB}s' + TCB"" )
Z

CET!® 42CETMost + CETO!!
7 > + sm sm sm X CleX BTsmt+

TCD}* +2TCD}s +TCD}" CETP“+2CET"W+CET”“
1 bn 1 X Ctﬂx D Tbnt

Maximize — ExpV(fsoc) = ®ECTEGI™ + &IPIjprirm (39)

sMwmweMusMm oMo sMvsMw =M «Mwn

2MzEMR e Me sMw oMo == oMo =PMIs
wMHwMﬂwMH\Mm\Mw'_'\Mm /—\

+ <
CET”“+2CETmosf+CET“’”’
< < ( X Ctax BTbst+
( TCBS 4 2TCBst { TCBY! ( <

Economic growth index (EGI)

C pes m0s opt B A pes most opt
EGI =Y [”“’f 2o + I ] x we(1— Devly) + Y5 {I”” o Y200 410y } X Ypa(1 — Devly)+
1 v (40)

S u pes ¢ opt

I 21 11108 I
ZZ [ nvg, +2Invg, " +Invg, « Zsu(l o Devls)
s u

7 X We+

C e t t
JPI = E [{ Unef‘erZUne?“’SthUnegp « ]obfferZ]obg’“’s%]obgp }
B A Uneb +2Une’""”+UneUpt ]ohpgg+2]ob""’“+]ob0pt
Z Z 4 X Ypa+ (41)

o

b a
i% {{ Unefes+2UnZ;""”+Unegpt } % { ]obfﬁs+2]ob§'{l"“+]0bopf }] X Zel
S u
) OPt 1— Dmost
ZBTsmt>( 1= ¢)D (ljé)) %) Dy Vm, 05 < & <1 (42)
B opt most
~ (6, — @)D} 1—¢)D
ZDTbntZ (%2~ 9) (1 f ;> %) Dny Vn, t[0.5 < 6, < 1 (43)
(0 — @)QF; + (1~ 9)QFE
= =Y FTyes Vp, f, 05 <63 <1 (44)
Cc

and Equations (10)—(23).
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4.4.2. Stage II: Conversation of the BG-SCND Optimization Model into an FPP Formulation

The second phase of the suggested solution approach involves converting the PP
formulation of the BG-SCND model into its equivalent FPP form as follows:

S _ opt _ most opt most pes
ZBTsmt > o1 4’)Dm,‘ + (1 (P)Dmt _ M@_‘Hﬁ (1 _ '9Bdm) Vm,t\O.S <5 <1 (45)
s (1 - (P) 4
B 5. opt _ nost pes nost opt
S DT > [(02 q)mn(f1 + ;1) 9)Dy } - [(V e >(1 719%)] Vi f05 <6 <1 (46)
b

Fpes _ ansl opt most pes C
{( ?)Q 1_; P)QE }Jr[(” +2"4 il )(170"5%’)} >Y Flyep Vp, ft05<8<1 (47)

and Equations (10)—(23), (38) and (39).
4.4.3. Stage III: Conversation of the BG-SCND Optimization Model into an
FRPP Formulation

In the third stage, the BG-SCND model’s FPP form is converted into FRPP form
as follows:

dm T opt most
Frc = ExpV(frc) + Y{frcmax — ExpV(ch)}+KBT1CZ;H pont - B q))D’g"lH —9)Dn H +

Ddm opt (6o—¢)D,, ”p[ +(1—¢)Dinost bsupp ET (65— ‘P)QF;];: F;’}HtS[ pes 48
I L = e (R i a s -]+ 9
pBng [(wopz+2m:o,t+wpes ) (1— ﬂBdm)] I @TD:ICW |:(‘uPEs+‘urzysf+Hom ) (1 — gDdm) } I pbsup [< (7Pt+2‘7most+(7pw> (1 B 0bsup)}
T 5 opt most
Fsoc = ExpV(fsoc) + ¥{fsocmax — ExpV(fsoc)} +K%'32Ztl[{ Db — (91=9)D, = <<p) #)Dii +
Dd DOt _ (B2=g)D}f +(1-g) D bsup . E L[ [ (5-9)Q F"}T (1-p)QE pes 49
e e T | S et R )

0] mos. es pes most opt mos es
pgdm [(a’) ”"+2(D4 Bl ) (1 _ 19311111)} + pSDgg [(F‘ +I‘>4 tH > 19de ] bsup |:((70w+20' f 4P ) <1 _ l9bsup>]

and Equations (10)—(23) and (45)—(49).

In Equation (48), K%’", K]ng, Kl}sélp, and in Equation (49), Kgg’g, Kngg, Kgsoug , are penalties
for the violation of uncertain constraint targets for economic and social objectives, respectively.
While B, oPdm andlsUP are the soft constraint violation penalties.

4.4.4. Stage IV: Obtaining Extreme Solutions for Each Objective and Conversion of the
Multi-Objective Model into a Single Objective

After obtaining the FRPP form for each objective, the next step is to acquire extreme
solutions: positive extreme solutions (PES) and negative extreme solutions (NES) for
each objective of the optimization model. By using these extreme solutions, membership
functions for both objectives are developed as follows:

—I'TC
M =\ mE IfFFES < F%; FNES (50)
0, IfFrc > FNE
0, IfFsoc < ENES
Fsoc —Fo¢ NjErSSOC — " 50C pgs
HEsoc = FPBS__ENBS 1 Iﬂ:soc < Fsoc < Fgoc (51)

SOC  ~SoC S0C
1, ItFsoc > Fpgs
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Using the membership functions provided in Equations (50) and (51), the multi-
objective BG-SCND model is merged into a single objective using the Torabi and Hassini
(TH) approach (for details of the TH method see [44,45]).

Maximize ¢ p“"F + {(1 —¢)(vre X pFge +Vsoc X VFsoc)}
HEqc > comp 52)
‘l'lpsoc Z pcomp
pcomp 6 [O’ 1]

Equations (10)—(23) and (45)—(49).

In Equation (52), ¢ is the compensation coefficient, ™" is the mandatory lowest
satisfaction, and . and pf, . are satisfaction levels for BG-SCND model objectives.

Figure 4 provides the systematic procedure of the employed solution methodology.

Develop biogas uncertain BG-SCND
optimization model

A 4

Convert uncertain BG-SCND model into the crisp
form using possibilistic programming approach

'

Convert BG-SCND possibilistic programming model into
flexible possibilistic programming model

A 4

Convert BG-SCND flexible possibilistic programming model into
flexible robust possibilistic programming model

v

Convert multi-objective BG-SCND model into single model using TH
approach

v

Reset/decide the values of interactive
parameters

Is any preferred solution found?

Yes
A 4

Stop

Figure 4. Solution approach to solving the BG-SCND optimization model.
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Study area map

5. Case Study

To validate the proposed feedstock-based supply chain model, the largest province
by population in Pakistan, Punjab, is considered. Biomass is collected from multiple
districts of Punjab and sent to a supply center, where it is transported to biomass collection
centers established in major cities. After that, biomass is supplied to production plants
to obtain biogas. Biogas from these plants is delivered to consumer market zones via
storage and distribution channels, while leftover digestate is delivered directly to digestate
demand zones.

Facility site decisions are integrated as a binary decision variable in the BG-DSCND
model, since transportation costs are a significant portion of the overall biogas SC costs
and are, therefore, necessary to optimize. The provided model chooses the operational
biogas processing facility’s ideal capacity, besides deciding the location of the facility. The
shortlisted locations in the BG-SCND model are selected using a multi-criteria evaluation
approach that satisfies all requirements. In this case, there are 26 feedstock supply points,
eight locations of preprocessing plants, five locations of production plant facilities, and
four market zone hubs of biogas. Due to easy accessibility, dung, bagasse, rice husk, and
organic municipal waste are used as feedstock. The potential biogas-processing facilities
are depicted in Figure 5 on a district-based geographical map.

Punjab province

1
34°00°N

UZBEKISTAN

PISTAMN

rabian

Sea

“Baor

Tashkent
o oy

TAJIKISTAN

Mumbai

o
Pune

Bengaluru
o

7 e N
RCYZsTA T

.

33°00°N

VN

IEONN
T
1
200N

ETaN
Ll

1
30°00°N

290N
T
1
29°00°N

28°00"N

1cm =40 km
e Kilometers
0 50 |100 2l00 30'0

GIOVE TOE 00E T200E TIQOE TO0E TSO0E

Figure 5. District-based geographical map of Punjab.
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5.1. Data Acquisition for the BG-SCND Model

Herein, the required data for the BG-SCND model are provided. The demand for
biogas in each demand zone was calculated based on methane usage during the pre-
vious three years. Statistics for the last three years were obtained from the ministry
of energy (Power division) (http://www.mowp.gov.pk/ (accessed on 5 January 2021)).
Based on the data for the last three years, 0.2% of methane demand was considered
as demand for biogas for each market zone. Data for municipal waste for different
districts of Punjab were obtained from the local government and community devel-
opment department (https://lgcd.punjab.gov.pk/ (accessed on 10 January 2021)). In-
put parameters for the social objective were obtained from the Pakistan bureau of the
statistics department. (https://www.pbs.gov.pk/publication/pakistan-social-standards-
measurement-survey-2019-20-provincial (accessed on 20 January 2021)). Data for bagasse
and rice husk were obtained from the agriculture marketing information service depart-
ment (http://www.amis.pk/ (accessed on 20 January 2021)), while data for animal dung
were obtained from the livestock and dairy department (https:/ /Iddb.org.pk/ (accessed
on 1 December 2020)). The statistics on biogas plant installation, biomass procurement,
biomass material handling, and production expenses were obtained from biogas production
firms, published studies, and government agency reports. CO; emissions during biogas
production and transportation among processing facilities were adopted from published
articles by Gonela et al. [12] and Giirii et al. [46]. An emission tax of $10/ton of CO, was
assumed based on the report published by the World Bank [47]. Since the adopted values
of various parameters are tainted with epistemic uncertainty, these parameters are con-
sidered uncertain in the BG-SCND model. The main strategic and tactical-level decisions
made in the BG-SCND model to attain a trade-off among the sustainability dimensions are
as follows:

e  Number of biomass collection centers to be made operational against specified sus-
tainability dimension preferences.

e  Number and capacity level of the biogas production plant and storage and distribution
center to be made operational.

e  The quantity of biomass to be allocated from operational biomass supply centers to
biomass collection centers and from operational biomass collection centers to biogas
production plants.

e  The quantity of biogas to be supplied from the production plant to the storage and
distribution center and from biogas distribution centers to biogas market zones.

e  The quantity of digestate to be allocated from the biogas production plant to digestate
demand zones.

Appendix A contains the most probable practical estimates for the BG-SCND
model parameters.

5.2. Validation of the BG-SCND Optimization Model Results and Computational Analysis for a
Small-Scale Case

In the next stage, collected data and the equivalent FRPP form of the BG-SCND
model provided in Equations (10)—(23), (45)-(49), and (52) were coded in LINGO soft-
ware and the results were obtained. Since the provided FRPP approach is interactive,

the managers must first pick the values of the following parameters before obtaining re-

. : Bdm ,.Ddm ,bsup __Bdm . Ddm ,bsup
sults: 1,62, 63 (CL of manager), ¥(scaling parameter), k37", k75 JKTe 1 KSOCKSOE Ko

(uncertain constraint violation penalty), and B4, P4 bsup (flexible constraint violation
penalty). The value of the scaling parameter (¥) provides robustness in terms of optimal-
ity and reduces the maximum deviation of the ExpV of the BG-SCND model objective.

Further, the values of uncertain constraint violation and soft constraint violation penalty

b b ]
values (K%dcm, K?g’", Kngp, Kgg"é, Kggg, Ks%lg , Bm, oDdm - and PsuP) are decided based on

the CL of the manager. For a low CL value, higher penalty values are decided, while
for a high CL value, lower penalty levels are decided. It is also found that the values


http://www.mowp.gov.pk/
https://lgcd.punjab.gov.pk/
https://www.pbs.gov.pk/publication/pakistan-social-standards-measurement-survey-2019-20-provincial
https://www.pbs.gov.pk/publication/pakistan-social-standards-measurement-survey-2019-20-provincial
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Bdm ,Ddm ,bsup _Bdm ,.Ddm ,.bsup ; e el :
Kre  KPE"  Kpe  KSHE KSHE 1Ko are highly sensitive. A little increase in these values has

a large influence on the entire cost of the considered biogas SC. The RPP-II formulation
proposed by Pishvaee et al. [37] is used in this work; however, if the CL value is very
low, the RPP-II formulation is not appropriate due to its sensitivity. Instead, the HWRPP
formulation is suggested (for details see Pishvaee et al. [37]).

A small-scale scenario is initially presented to thoroughly investigate the decisions
made by the BG-SCND model. For this illustration, eight biomass supply facilities, four
potential locations for collection and preprocessing facilities, three potential locations
for biogas plants, two potential locations for storage facilities, three locations for biogas
markets, and two locations for digestate sites are considered. Considering a CL of 80%
for the biomass supply and biogas demand constraints (d1, d,,d3), the PES and NES are
obtained, which are illustrated in Table 2. The results show that both objectives conflict with
one another. For example, at the lowest value of the economic objective (33,518,210), which
is the PES for the economic objective, the NES of the social objective (0.050) is attained, and
vice versa.

Table 2. The PES and NES for the BG-SCND model objectives.

BG-SCND Model Objectives Economic Aspect (USD) Social Aspect (%)
Minimize Fr¢c (PES) 33,518,210 (NES) 0.050
Maximize Fsoc (NES) 38,710,140 (PES) 1.000

51=08,0,=08, 05 =08.

Following that, using Equations (50) and (51), the membership functions for economic
and social objectives are established as follows:

1, if  Frc < 33,518,210
HEe = 3 ssoistosistio . if 33,518,210 < Frc < 38,710,140  (53)
0, if  Frc > 38,710,140
0, if  Fsoc < 0.050
HEoe = Too=0o3s, if  0.050 < Fsoc < 1.00 (54)
1, if Fsoc > 1.00

Using the membership function provided in Equations (53) and (54) with objective
priority weights of vrc = 0.8 and vsoc = 0.2, the values of ur,. = 0.98(33,535,960)
and pF,,. = 0.20(0.2487) for the economic and social objectives are obtained, respectively.
Figures 6 and 7 show the BG-SCND model decisions derived at these parameters during
the first and second planning periods, correspondingly. According to the results, it is
observed that all of the four collection and preprocessing centers are made operational.
In the following tier of biogas plants (ba), two of three potential biogas plant sites are
made operational: Nankana and Rahimyar Khan. The optimization model selects a lower
capacity level (B1-Al) for the Nankana biogas plant and a higher capacity level (B2-A2)
for the Rahimyar Khan biogas plant. Both prospective sites are made operational at higher
capacity levels in the next tier of biogas distribution centers (su). Overall, it is noticed
that, because economic objectives are given more importance over social objectives, the
BG-SCND model successfully utilizes economies of scale.
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5.3. Results Analysis for the Large-Scale BG-SCND Optimization Model Case

This section discusses the outcomes of the BG-SCND optimization model’s large-scale
scenario. As discussed in Section 4, this research utilizes the TH approach to convert the
multi-objective BG-SCND model into a single objective. The TH approach is interactive and
allows managers to obtain BG-SCND model decisions based on their preferences by setting
the priority weights of the objectives (vr¢, vsoc). Herein, the results of the BG-SCND model
are analyzed for two extreme cases of vyc = 1.0, vgoc = 0.0 and vpc = 0.0, vsoc = 1.0.
For all uncertain constraints, a confidence level of 1 and §; = 0.8, §, = 0.8, and J3 = 0.8 are
assumed in order to make the findings of both scenarios comparable.

Results of the first case only consider the economic aspect and depict that, among
26 biomass supply points, 18 are supplying biomass to preprocessing and collection centers.
In the following echelon, all eight prospective sites for a biomass collection facility have
been made operational. According to detailed results, the Gujrat facility covers the eastern
sections of Punjab, while the Sheikhupura and Faisalabad biomass collection facilities serve
the middle areas of Punjab. Multan and Okara, on the other hand, cover the central and
southern portions of Punjab, while Mianwali and DG Khan biomass collecting facilities
serve the western regions. Since no binary decision is associated with the biomass supply
center tier, all of the supply centers are made operational and feedstock is supplied to the
seven selected collection centers. Further, it has been noted that biomass collection facilities
are strategically positioned close to each location’s greatest potential biomass supply to
reduce total SC costs and carbon emissions during transportation. In the next echelon of
the BG-SCND model, three out of five biogas production plants are made operational in
Rahimyar Khan, Jhang, and Sargodha. Among the operational biogas production sites,
the Rahimyar Khan site is made operational with a capacity of 20,000 m®/period, while
Jhang and Jehlum biogas plants are made operational with a biomass processing capacity of
150,000 m?/period. The biomass for the Rahimyar Khan biogas plant primarily comes from
the DG khan and Multan biomass collection centers, the biomass for the Jhang biogas plant
arrives from the Faisalabad and Mianwali collection centers, and most of the biomass for the
Jehlum biogas plant originates from the Gujrat and Sheikhupura facilities. In the next tier,
biogas produced at the Rahimyar Khan plant is largely supplied to the Sahiwal distribution
center, the Jhang plant supplies biogas to the Jhang and Khushab distribution centers, while
the Jehlum plant supplies its biogas to Gujranwala and Khushab distribution centers.

Finally, in the last tier of the biogas SC, the Gujranwala distribution center meets the
demand of the Lahore zone, while Rawalpindi receives biogas produced from the Khushab
plant. The Sahiwal facility largely feeds biogas to the Faisalabad region, and the Jhang
distribution center meets the demand for biogas in the Multan zone. Strategic decisions for
the case vrc = 1.0, vspoc = 0.0 are provided in Figure 8.

The second scenario favors the social component over the economic side; hence,
priority weights vrc = 0.0, vgoc = 1.0 are specified in the TH method. The obtained
findings show that the results of this case are completely different from the first case in
terms of location and capacity decisions. The results show that all of the preprocessing and
collection facilities, biogas plants, and distribution sites are now operating. Furthermore,
greater capacity levels are chosen for all of these location decisions, resulting in a significant
rise in the total cost of the BG-SCND model. This is due to the fact that the social objective
aims at maximizing the number of job opportunities and economic investments in regions
with a low level of development that have higher unemployment rates. Detailed decisions
for this case are provided in Figure 9.
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5.4. Impact of the BG-SCND Model’s Objective Priority Weights on Strategic-Level Decisions

This section provides a comprehensive computational investigation of the effect of
varying the priority weights of the BG-SCND model objectives on the model’s strategic-
level decisions. For this purpose, various combinations of priority weights between 0 and
1 are developed for the economic and social objectives. As discussed earlier, the absolute
priority of the economic objective over the social objective provides decisions based on the
total cost aspect. In this scenario, the aim of minimizing costs is achieved by balancing
economies of scale and overall transportation costs. Due to this, the capacity decisions
made for this scenario choose a combination of higher and lower-level capacities for the
biogas processing facilities. On the other hand, when the priority increasingly shifts to
the social dimension, the degree of satisfaction with the economic objective begins to
deteriorate. This is because, when the contribution of the social aspect is incorporated
into the model, it attains the goal of social objective maximization by selecting numerous
biogas facilities in regions that have low development levels and high unemployment rates.
BG-SCND model strategic-level decisions involving location and capacity decisions against
each combination of objective priority weight are provided in Table 3.

Table 3. Impact of the BG-SCND model’s objective priority weights on strategic-level decisions.

Operational Distribution

Objective Weight Objective Satisfaction Level Operational Operational Operational Biogas Plant (ba) Center (su)
Supply Collection N .
Economic  Social Economic Social Terminals (p) Center (c) Location (b) (Cr;gf;elgo(c’lz)) Location (s) ﬁ:l?/apc elglo(g))
Nankana 150,000 Gujranwala 170,000
P2-P5, P7-P17, Rahimyar Khan 150,000 Khushab 170,000
0 1 0.00% 100% P20, P22, A1-A8 Jhang 150,000 Sahiwal 170,000
P24, P25 Sargodha 150,000 Muzaffargarh 170,000
Jehlum 150,000 Jhang 170,000
Rahimyar Khan 150,000 Gujranwala 170,000
Jhang 150,000 Khushab 170,000
0.2 08 3.99% 100% P2, P4, P5, A1-AS Sargodha 150,000 Sahiwal 170,000
P7-P17, P20, P22
Jehlum 150,000 Muzaffargarh 170,000
Nankana 150,000 Jhang 170,000
Rahimyar Khan 150,000 Gujranwala 170,000
P2-P5 Khushab 170,000
0.4 0.6 75.38% 56.25% P7-P18, P26 Al-A8 Jhang 150,000 P 170,000
Jehlum 150,000 Jhang 170,000
Rahimyar Khan 150,000 Gujranwala 170,000
P2-P5 Khushab 170,000
0.5 05 93.84% 42.12% P7-P18, P26 Al1-A8 Jhang 100,000 P 170,000
Jehlum 100,000 Jhang 170,000
Rahimyar Khan 150,000 Gujranwala 170,000
P2-P5 Khushab 170,000
0.6 04 93.84% 42.12% P7-P18, I;2 6 A1-A8 Jhang 100,000 Sahiwal 170,000
Jehlum 100,000 Jhang 170,000
Rahimyar Khan 150,000 Gujranwala 170,000
P2-P5 Khushab 170,000
0.8 02 97.43% 35.90% P7-P18, P26 Al1-A8 Jhang 100,000 Sahiwal 170,000
Jehlum 100,000 Jhang 120,000
Rahimyar Khan 150,000 Gujranwala 120,000
Khushab 170,000
1 0 100% 20.16% RS A1-A8 Jhang 100,000 Somiveal 170,000

Jehlum 100,000 Jhang 120,000
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5.5. The Effect of the Compensation Coefficient on the Objectives of the BG-SCND Model

To demonstrate the effect of the compensation coefficient (") on the BG-SCND
model’s objectives’ satisfaction levels yr,. and pif, ., a detailed analysis is provided by
altering the ™7, vrc, and vsoc values between 0 to 1. As discussed above, ™" is an
interactive parameter and decided by the manager based on the real-time environment;
hence, multiple efficient solutions can be obtained. The impact of variation on the com-
pensation coefficient and priority weights on the BG-SCND model’s objectives” attainment
levels is graphically shown in Figure 10a—e. In the mentioned figure, the BG-SCND model’s
objective satisfaction levels are drawn along the vertical axis, while objective preference
weights are drawn along the horizontal axis. From the analysis of the results, it is observed
that a balanced solution for the model’s objectives develops as the value of the compensa-
tion coefficient grows. This is because the model’s purpose for greater levels of ™7 in the
TH method is to augment the minimal level of satisfaction for all model objectives. As a
result, in Figure 10e, satisfaction levels have the least amount of dispersion, whereas, in
Figure 10a, goal satisfaction levels have the most dispersion.
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Figure 10. (a) Sensitivity assessment of the BG-SCND objectives’ priority weights for p«™F = 0.0.
(b) Sensitivity assessment of the BG-SCND objectives’ priority weights for p®™? = 0.25. (c) Sensitivity
assessment of the BG-SCND objectives’ priority weights for p“™"? = 0.50. (d) Sensitivity assessment of
the BG-SCND objectives’ priority weights for ™7 = 0.75. (e) Sensitivity assessment of the BG-SCND
objectives’ priority weights for ™7 =1.00.
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6. Conclusions, Limitations, and Future Research Directions

Rising energy needs, as well as the rapid depletion of natural resources, have increased
the desire for sustainable energy supplies. Against this background, this research suggests
a BG-SCND model for biogas that uses multiple feedstocks (bagasse, organic MSW, dung,
and rice husk). The following echelons are taken into account in the proposed model:
feedstock supply centers, feedstock collection centers, biogas production facilities, biogas
market zones, and digestate market zones. In addition to maximizing the social impact of
biogas SC decisions, the presented model is concerned with minimizing the overall cost and
environmental impact. To deal with the various types of epistemic uncertainties involved
in the BG-SCND model, the FRPP approach is proposed, which not only efficiently deals
with epistemic uncertainty, but also incorporates robustness in the obtained results and
allows managers to make decisions based on their preferences. The major findings of the
research are the following:

e  Results of the proposed model demonstrate that, with a minor increase in the total
cost, the strategic-level decisions can be made secure.

e Itis also found that a fair inclusion of the social aspect in the BG-SCND model’s
decisions may be accomplished at a marginal cost, but the absolute achievement of
the social objective exponentially raises the overall cost of the proposed biogas SC.

e  The sensitivity analysis was performed for various interactive parameters, such as
©"P, vrc, and vspoc, depicting that the strategic-level decisions provided by the
FRPP approach are robust.

e  Greater economic preferences result in fewer facilities being operational, leading to
the development of a centralized network, whereas greater social objective prefer-
ence result in a large number of facilities being operational, creating a decentralized
network configuration.

This research can be further extended in several directions. For example, the suggested
BG-SCND model’s scope can be expanded by including the notion of SC coordination and
contract, in which supply centers transport biomass to biogas production facilities and
acquire biogas at a reasonable cost. This does not only encourage biogas supply chain
partners to be more collaborative, but also helps to commercialize biogas. This study
exclusively uses anaerobic digestion as a method of producing biogas; biogas production
technology is not considered a decision. The research will be more useful if production
technology is taken into account as a decision variable. However, increasing the scope
of the optimization model will increase the overall number of decision variables. In
such cases, the suggested solution approaches will take longer to provide global optimal
decisions. To cope with this, intelligent and innovative algorithms and heuristics will
be really valuable. Furthermore, this study employs an RPP-based approach that can
effectively tackle operational uncertainty; however, incorporating disruption risk in the
planning phase will further enhance the effectiveness of this approach.
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Appendix A

In this section, brief details of the data are provided due to space limitations. Table A1l
provides the biomass supply quantities available at supply centers in each planning period.
Table A2 illustrates the transportation cost for supplying feedstock (f) from supply center
(p) to collection center (c). Table A3 shows the per unit transportation cost for transporting
feedstock from collection center (c) to biogas plants. Table A4 provides the per unit
transportation cost for transporting biogas from production plants (b) to distribution
centers (s) in each planning period. Table A5 provides the per unit transportation cost
matrix for transporting digestate from production plants (b) to digestate demand zone (n).
Finally, Table A6 provides the per unit purchase cost of feedstock at location (p) for biomass

types (f) in period (t).

Table Al. Biomass supply quantities available at supply centers (tons).

Supply Center (p) Abbreviation t1 (tons) t, (tons)
Bahawalpur BHP 13,536,390 14,213,210
Nankana Sahib NKS 14,421,880 15,142,974
Kasur KSU 12,993,270 13,642,934
Layyah LYH 37,791,370 39,680,939
Muzaffargarh MZF 21,102,146 22,157,253
RahimYar Khan RYK 16,112,195 16,917,805
Jhang JHG 27,973,010 29,371,661
Toba Tek Singh TTS 44,850,835 47,093,377
Gujranwala GJR 345,000 362,250
Nankana Sahib NKS 481,315 505,381
Layyah LYH 376,187 394,996
Vehari VHR 928,714 975,150
Gujranwala GJR 2008 2108
Nankana Sahib NKS 2300 2415
Chiniot CHN 10,000 10,500
Narowal NRW 1000 1050
Sialkot SLK 14,000 14,700
Gujranwala GJR 730,000 766,500
Bahawalpur BHP 114,610 120,341
Faislabad FSD 182,500 191,625
Rawalpindi RWP 4,431,830 4,653,422
Lahore LHR 1,868,800 1,962,240
Rawalpindi RWP 289,080 303,534
Sargodha SGD 497,130 521,987
Sialkot SLK 182,500 191,625
Multan MLT 1,069,450 1,122,923

Table A2. Transportation cost matrix for supplying feedstock (f) from supply centre (p) to collection
centre (c) (USD/ton-km).

Biomass Supply Centers (c)

1 (%] c3 Cy Cs5 Co c7 cg

1 7 52 59 33 49 60 2 51

2 10 57 67 41 57 69 25 57

13 25 84 90 64 79 90 12 82

f P 11 70 77 50 66 77 8 72
1 Ps 16 71 76 50 65 75 4 71
D6 69 11 10 31 20 19 83 26

7 72 2 7 32 16 7 84 16

P8 67 18 3 27 11 7 79 15

Po 64 20 8 24 7 4 75 9

f P2 10 57 67 41 57 69 25 57
2 pa 11 70 77 50 66 77 8 72
P10 22 40 46 19 35 46 34 45

Po 64 20 8 24 7 4 75 9

2 10 57 67 41 57 69 25 57

f3 P 5 62 70 44 60 71 17 21
P12 50 14 16 10 8 19 63 74

P13 37 23 30 5 20 32 51 61

Po 64 20 8 24 7 4 75 9

p1 7 52 59 33 49 60 22 51

P14 64 26 14 25 10 6 74 87

1 15 72 78 52 67 78 2 15

f4 [ 55 12 12 15 6 16 68 79
P17 53 8 23 20 22 30 68 77

Pis 22 4 47 21 36 46 32 45

P13 37 23 30 5 20 32 51 61

P1o 17 43 50 23 39 50 31 41
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Table A3. Transportation cost matrix for transporting feedstock from collection centre (c) to biogas

plants (USD/ton-km).

Biomass collection centers (c)

Biogas Production Plants (b)

by by bs by bs
c1 10 16 30 88 61
cp 64 90 103 15 22
c3 78 104 117 17 28
Cy 36 61 74 45 18
Cs 59 84 97 23 9
Ce 67 93 106 24 20
cy 41 15 9 119 92
cs 54 27 23 132 105

Table A4. Transportation cost matrix for transporting biogas from production plants (b) to distribution

centers (s) (USD/m3-km).

Biogas production plants (b)

Biogas Distribution Centers (s)

$1 Sy S3 Sy S5
by 69 88 36 54 37
by 93 112 60 27 11
bs 107 125 73 23 8
by 29 11 45 132 116
b 25 37 18 105 89

Table A5. Transportation cost matrix for transporting digestate from production plants (b) to digestate

demand zone (n) (USD/ton-km).

Digestate Demand Zone (1)

Biogas plant (b)

m 1y ns
by 15 74 52
b 40 99 26
by 53 112 40
by 70 35 79
bs 43 31 52

Table A6. Purchase cost of feedstock at location (p) for types (f) in period (t) (USD/ton).

51 ty

pl 50 55

P2 60 66

vs 60 66

Pi 40 44

Dung ps 40 44
P6 40 44

p7 40 44

ps 40 44
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Table Aé6. Cont.

51 %]

P9 70 77

> 80 88

Bagasse Z y 70 77
P1o 70 77

P9 80 88

P2 90 99

Rice husk P11 90 99
P12 90 99

P13 80 88

P9 30 33

p1 20 22

P14 20 22

P15 20 22

Municipal waste P16 20 22
P17 30 33

P18 20 22

P13 20 22

P19 20 22
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