
Vol.:(0123456789)

Environment, Development and Sustainability
https://doi.org/10.1007/s10668-023-03258-1

1 3

Sustainability assessment of biomass‑based energy supply 
chain using multi‑objective optimization model

Hatice Güneş Yıldız1 · Berk Ayvaz1 · Ali Osman Kuşakcı2 · Muhammet Deveci3,4 · 
Harish Garg5,6,7,8 

Received: 21 July 2022 / Accepted: 14 April 2023 
© The Author(s), under exclusive licence to Springer Nature B.V. 2023

Abstract
In recent years, population growth and lifestyle changes have led to an increase in energy 
consumption worldwide. Providing energy from fossil fuels has negative consequences, 
such as energy supply constraints and overall greenhouse gas emissions. As the world con-
tinues to evolve, reducing dependence on fossil fuels and finding alternative energy sources 
becomes increasingly urgent. Renewable energy sources are the best way for all countries 
to reduce reliance on fossil fuels while reducing pollution. Biomass as a renewable energy 
source is an alternative energy source that can meet energy needs and contribute to global 
warming and climate change reduction. Among the many renewable energy options, bio-
mass energy has found a wide range of application areas due to its resource diversity and 
easy availability from various sources all year round. The supply assurance of such energy 
sources is based on a sustainable and effective supply chain. Simultaneous improvement 
of the biomass-based supply chain’s economic, environmental and social performance is 
a key factor for optimum network design. This study has suggested a multi-objective goal 
programming (MOGP) model to optimize a multi-stage biomass-based sustainable renew-
able energy supply chain network design. The proposed MOGP model represents decisions 
regarding the optimal number, locations, size of processing facilities and warehouses, and 
amounts of biomass and final products transported between the locations. The proposed 
model has been applied to a real-world case study in Istanbul. In addition, sensitivity anal-
ysis has been conducted to analyze the effects of biomass availability, processing capacity, 
storage capacity, electricity generation capacity, and the weight of the goals on the solu-
tions. To realize sensitivity analysis related to the importance of goals, for the first time in 
the literature, this study employed a spherical fuzzy set-based analytic hierarchy method to 
determine the weights of goals.
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1  Introduction

The global energy demand has prominently shown an upward trend in recent years due to 
rapid population growth, urbanization, and industrialization (Chyuan & Silitonga, 2020). 
Current global energy demand is met by various fossil fuels; oil, natural gas, and coal (Liu 
et al., 2017). Although these resources are commercially developed and relatively inexpen-
sive, they cause various problems, such as price fluctuations, dependency on foreign coun-
tries, and greenhouse gas emissions (Cooper et al., 2019). Statista reports that greenhouse 
gas emissions worldwide from global energy and industrial processes total 36.3 million 
metric tons in 2021 (Statista, 2022).

The increased concerns about fossil fuels have resulted in a collective interest in devel-
oping alternative energy sources and infrastructures. Renewable energy resources have 
great potential to be a promising alternative for reducing environmental impacts and fossil 
fuel dependency (Azadeh & Arani, 2016). The International Energy Agency recognizes 
that promoting renewable energy will provide an environmentally sustainable future (Silva 
et al., 2018). According to the International Renewable Energy Agency (IRENA), by 2050, 
renewable energy sources will meet 85% of the energy demand, whose generation rates are 
expected to increase rapidly (Abraham et al., 2020). The contribution of alternative energy 
resources to overall electricity production was 13.6% in 2001; it will reach 47.7% in 2040 
(Uddin et al., 2021) (Fig. 1). 

Solar, hydraulic, geothermal, wind and biomass energy are renewable energy types 
available in nature and can be easily acquired (Zeren & Akkuş, 2020). Among these 
sources, biomass obtained from all biogenic organic materials is one of the most versatile 
energy sources (Nunes et  al., 2020). Moreover, biomass has the potential to benefit the 
environment by lessening CO2 and other toxic gas emissions and enhancing rural employ-
ment and agricultural expansion, thereby helping countries achieve sustainable develop-
ment (Hosen et al., 2022).

Fig. 1   The renewable energy categories (Uddin et al., 2021)
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Biofuels from biomass sources have been used for decades as an alternative to fossil-
based fuels (Boro et  al., 2022). Biofuels from biomass sources have been used for dec-
ades as an alternative to fossil-based fuels. Biofuels are classified into two main categories 
depending on their source: first- and second-generation biofuels (Ghelichi et  al., 2018). 
First-generation biofuels, produced from starch, sugar, animal fat, and vegetable oils, have 
been commercialized in some countries due to their cost competitiveness compared to fos-
sil fuels (Kesharwania et al., 2019).

Biomass production is estimated at 146 billion metric tons annually throughout the 
world, mainly from wild-growing plants (Hosen et al., 2022). However, increased biofuel 
production seriously threatens the security of the food supply and causes ecological dam-
age, such as biodiversity loss, due to land-use changes (Sadat et al., 2018). On the other 
hand, second-generation biofuels are produced from solid and liquid municipal waste, for-
est residues, agricultural waste, manure, and inedible raw materials (Arabi et  al., 2019). 
Therefore, unlike first-generation biofuel production, their production contributes to 
reduced land-use changes and reduced food and fuel competition.

Biogas, as part of biomass, is recognized in the EU legislation as a renewable source 
(Kulišić et  al., 2015). It is generated by the anaerobic decomposition of biomass (Seyi-
toglu et  al., 2022). Biogas is the most challenging renewable fuel in terms of potential 
assessment because of its diverse inputs and valuable energy forms available (technical 
and economic potential) (Kulišić et al., 2015). However, compared to other biofuels, biogas 
production consumes minimal energy and relies on readily available renewable resources 
making it a very viable source of energy (Singh et al., 2022).

Biogas, the fourth most abundant energy source globally, has excellent potential as a 
second-generation biofuel among all renewable energy sources (Gao et  al., 2019). It 
consists of a gas mixture, including typically approximately 50%–70% methane (CH4), 
30%–50% carbon dioxide (CO2), and traces of impurities generated by anaerobic digestion 
of organic materials such as animal waste, waste produced by humans, food industry waste, 
municipal waste, and energy facilities (Boulamanti et al., 2013; Miltner et al., 2020; Singh 
et al., 2022). Biogas generation through anaerobic digestion provides a renewable energy 
source that can be used as bioenergy and biofuel and enables the production of high-nutri-
tional-value organic manure (Achinas & Willem Euverink, 2020). Biogas production from 
organic resources is seen as a measure to reduce greenhouse gas (GHG) emissions in sev-
eral sectors (Lyng & Brekke, 2019).

It is estimated that biomass energy can meet approximately 25% of global energy needs 
(Seyitoglu et al., 2022). Among the top countries for generating electricity from biomass 
during 2015 were the USA (69 TWh), Germany (50 TWh), China (48 TWh), Brazil (40 
TWh), and Japan (36 TWh), followed by the UK and India. Furthermore, the International 
Energy Agency (IEA) estimates that in 2020–2025, the total installed capacity of biomass 
power plants in Turkey will increase by 630 MW (IEA, 2020). Considering that Turkey’s 
overall installed capacity connected to the electricity grid was 88550.8 MW in 2018, bio-
mass can potentially provide 0.8% of the total installed electrical power demand (Ocak & 
Acar, 2021).

The bioenergy industry has drawn significant attention in the last decade (Egieya et al., 
2019). However, the competitiveness of biomass as an alternative energy source against 
fossil fuels can only be sustainable if the challenges can be overcome. Sustainability is 
defined as meeting the present’s needs without compromising future generations’ ability 
to meet their own needs. A sustainable supply chain is related to a detailed examination of 
supply chain activities that affect supply chain parameters in economic, social, and envi-
ronmental aspects (Mottaghi et al., 2022). However, biogas technology has advantages in 
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waste management, partial control of energy production management, environment, and 
health compared to other RES. Another benefit of biomass energy is reducing the green-
house gas effect (Aksay & Tabak, 2022). The EU 28 is planning to reduce 50% reductions 
in GHGs by 2050. To meet EU target, biofuel is expected to be an important factor in con-
trolling energy consumption in heating, transportation, and electricity generation. In addi-
tion, there is still an enormous potential to recover energy from waste disposal sites (Can, 
2022; Zhang et al., 2022).

Several studies have been carried out on biomass-based energy supply chain models 
with only economic aspects, and few of them were subjected to other objectives, such as 
environmental functions. For example, Cobuloglu and Büyüktahtakin (2014) address the 
problem using a multi-objective MILP model with objectives considering environmental 
impacts and maximizing the economic value during its life cycle. Murillo-Alvarado et al. 
(2015) developed a supply chain for the production of biofuels from the lignocellulosic 
residues of the tequila industry is formulated as a multi-objective MILP model, which 
accounts for the simultaneous maximization of the economic and environmental aim of the 
network. Likewise, Babazadeh et al. (2017) proposed a model to minimize the total costs 
of the biodiesel supply chain. Also, another goal of their model is to reduce the environ-
mental effect.

A literature review showed that few studies also address the social objectives of design-
ing a biomass supply chain. Miret et al. (2016) presented an optimal design of the biomass 
supply chain by focusing on multi-objective MILP optimization based on sustainability. 
In addition to the economic and environmental considerations, Ganev et al. (2021) devel-
oped a comprehensive MILP model on social sustainability. The review by Ghaderi et al. 
(2016) presents that nearly 78% of the studies considered economic issues, and only 13% 
investigated economic and environmental. Not surprisingly, only 1% of the studies focused 
on social impacts. The paper highlighted the need for comprehensive approaches since 
only 5% of the studies include all three economic, environmental, and social sustainability 
objectives.

Considering these facts, an effective design of a sustainable supply chain network is 
necessary to overcome the challenges such as high moisture content, seasonal availabil-
ity, and uncertainties in demand and policy of biomass raw materials to increase bioen-
ergy use and ensure effective decision-making (Egieya et al., 2019). An optimized supply 
chain design, which provides the integration and coordination of all activities involved in 
the process, from the procurement of biomass raw materials to final value-added products, 
contributes to increasing the efficiency and profitability of bioenergy generation (Akhtari 
et al., 2019).

1.1 � The objective of the study

This study aims to develop an optimized configuration of a biomass supply chain to mini-
mize the total cost and environmental impact in all chain echelons. Furthermore, the 
model simultaneously seeks to maximize the biomass network’s social impact. To achieve 
these objectives, this study proposes a multi-objective mixed-integer linear programming 
(MILP) model for the infrastructure of the bioenergy conversion process, which determines 
the amount of biomass and flows of finished- or semi-products transported between the 
tiers of the chain, supply and demand points. Furthermore, the model specifies the capaci-
ties and locations of warehouses and processing facilities to be established in the entire 
network. Therefore, this problem can be considered a multi-objective capacitated location/
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allocation problem. The goal programming (GP) method is used to overcome conflicting 
goals due to the multi-objective structure. This method provides a set of compromise solu-
tions that minimizes deviations from target values and thus addresses the problem with a 
more realistic approach.

1.2 � The contributions of the study

The main contributions and novelties of the present study are as follows:

•	 It proposes a multi-objective optimization methodology to support strategic and tactical 
decision-making in a biomass-based supply chain, considering that the waste biomass 
resources are natural wealth.

•	 The multi-objective goal programming model optimizes the supply chain and considers 
the triple bottom line of sustainability, i.e., economic, environmental, and social objec-
tives.

•	 It supports food safety by eliminating concerns about using renewable biomass raw 
materials for energy generation by choosing waste biomass resources as raw materials 
for biomass-based energy production.

•	 The model encourages a circular economy that aims to transform waste into new 
resources as much as possible by using organic fertilizer, a beneficial by-product of the 
system.

•	 Data for a real-life case study in the Metropolitan Municipality of Istanbul, Turkey’s 
most populated and most energy-consuming city, are used to validate the proposed 
model. Therefore, it also provides practical guidelines for policymakers.

•	 A sensitivity analysis presents the effects of changes in biomass availability, processing 
capacity, storage capacity, electricity generation capacity, and weights of goals.

•	 In sensitivity analysis, we used the spherical fuzzy AHP to determine the weight of 
goals. To the best of our knowledge, this is the first study that used the spherical fuzzy 
AHP integrated multi-objective goal programming.

The remaining sections of this study cover the following: Sect. 2 provides a comprehen-
sive literature review on biomass-based sustainable design of the supply chain network. In 
Sect. 3, the problem statement and the MILP model are presented. Section 4 demonstrates 
the application of the model to a real-world problem. Section  5 gives the results of the 
study. Policy implications are provided in Sect. 6. Finally, Sect. 7 presents some practical 
recommendations and implications of possible future research directions.

2 � Literature review

The volume of studies on biomass-based supply chains has rapidly increased in recent 
years because of their potential to be a more sustainable alternative energy resource than 
fossil fuels. As a result, analytical techniques and simulation methods have been frequently 
used in the literature for supply chain network optimization. MILP, stochastic mixed-inte-
ger linear programming (SMILP), mixed-integer nonlinear programming (MINLP), and 
multi-objective mixed-integer quadratic programming (MMIQP) have been used to opti-
mize biomass supply chain (BSC) network. The literature review indicates that extensive 
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research has been done on the development of BSC models, and some of the recent models 
are reviewed in this study.

In BSCs, most researchers have focused on developing single objective models that 
achieve profit maximization or cost minimization. For instance, Yilmaz Balaman and 
Selim (2015) developed a multi-period MILP for anaerobic digestion-based BSC. The sen-
sitivity analysis examined the annual operating cost and the effect of using only animal 
waste biomass in facilities. Paulo et al. (2015) developed a MILP model to design a sup-
ply chain network using forest waste as a biomass source for bioenergy production. They 
conducted sensitivity analyses for uncertain parameters. Sharifzadeh et al. (2015) proposed 
a MILP model that optimizes net present value throughout the supply chain. Jensen et al. 
(2017) formulated a MILP model for biogas production through simultaneous anaerobic 
digestion of manure, sugar beet, and straw. They minimized the cost of a BSC that gener-
ates electricity, heat, and natural gas in a cogeneration system as final products. In addition, 
they conducted sensitivity analyses for price, demand, and subsidies. Han et al. (2023) pre-
sented a three-stage game model to study the consumer preference behavior as a decision-
making process. Bairamzadeh et al. (2018) presented a MILP model to optimize the total 
cost of a biofuel supply chain network under various uncertainties, such as biomass conver-
sion technology, biomass yield, and fuel demand. A further study on biomass energy and 
supply network design was conducted by Yıldız and Ayvaz (2018), which was the premise 
of the present work. Unlike the current study, the authors modeled and solved the problem 
with a single objective, cost minimization, for the city of Istanbul, neglecting sustainability 
concerns regarding the reverse logistics network.

Halim et al. (2019) suggested a MILP model minimizes the cost of producing multiple 
bioproducts using various technologies. They performed a sensitivity analysis to analyze 
the effect of biomass resources on the total cost. Dominique et  al. (2019) formulated a 
MILP model that compares costs using two different types of biomass as raw materials, 
namely Jatropha curcas and Balanites aegyptiaca, the most widely used biomasses in bio-
fuel production. Santibañez-Aguilar et al. (2019) proposed a MILP model that maximizes 
the economic objectives of a biomass supply chain network based on sugarcane, agave, 
corn, and rice waste. The facility location was determined using GIS. Ge et al. (2021) pro-
posed a MILP model that minimizes cellulosic biomass-based biofuel supply chain costs.

In recent years, mathematical modeling techniques have been developed by consider-
ing the sustainable benefits of BSC management. In addition to economic optimization, 
creating environmental and social values provides sustainable solutions, thereby mak-
ing BSCs more competitive in the long term. To this end, Cambero et al., (2015) formu-
lated a multi-objective MILP model of the bioenergy/biofuel supply chain from forest and 
wood waste. Jonker et al. (2016) formulated a MILP to decrease ethanol production costs 
between 2012 and 2030 and limit ethanol’s greenhouse gas emission intensity. Amore and 
Bezzo (2016) proposed a multi-objective MILP model considering the economic and envi-
ronmental targets of the supply chain designed to produce bioenergy/bioethanol from corn 
kernels and residues. Mirkouei et al. (2017) proposed MILP for a sustainable supply chain 
that addresses the environmental and economic objectives of the supply chain designed to 
extract biofuels from forest biomass. They conducted sensitivity analyses for the availabil-
ity of biomass and biorefinery cost parameters.

Osmani and Zhang (2017) presented a MILP to optimize a multi-objective and multi-
period sustainable bioethanol supply chain under uncertainties. Likewise, they used the 
ε-constraint approach to solve conflicting economic, social, and environmental goals. 
Elisabeth et  al. (2018) formulated an uncertain multi-objective MILP to maximize dis-
counted net present value for biofuel production and minimize greenhouse gas emissions 
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and land-use change. They used a point-based min–max robust concept to calculate robust 
Pareto-optimal solutions to solve an uncertain multi-objective optimization model. Rab-
bani et al. (2018) proposed a multi-objective MILP model that simultaneously optimizes 
economic growth and social goals in energy plant-based bioenergy supply chain design. 
Arabi et al. (2019) proposed a multi-period MMIQP under uncertainties to maximize profit 
and minimize carbon emissions. They used data envelopment analysis (DEA) to evaluate 
the performance of alternative cities for microalgae harvesting yield. Kristianto and Zhu 
(2019) proposed a MINLP model for maximizing the supply chain’s total profit for bio-
diesel production using cooking oil and rice straws as raw materials. Díaz-trujillo and Fab-
ricio (2019) presented a multi-objective MILP for biogas and biofertilizer production that 
considers both economic and environmental impact. They used the Pareto solution to dem-
onstrate the effect of the relationship between profit and greenhouse gas emissions in the 
analysis of various scenarios created for the sale of purified biogas and purified–unpurified 
biogas.

Another study was done by Hosseinalizadeh et  al. (2019), which developed a multi-
period and multi-objective MILP model for biodiesel fuels of various concentrations. The 
model considered two simultaneous objectives, minimization of facility investment costs 
and environmental effects, and was solved with the augmented epsilon-constraint method. 
Gital Durmaz and Bilgen (2020) proposed a multi-objective MILP model that incorporates 
the two objective functions of maximization of the profit and minimization of the total 
distance between poultry farms and biogas facilities. Ahmadvand et al. (2021) developed 
a bi-objective optimization model for the tactical planning of forest-based biomass sup-
ply chains. The study determined the trade-offs between the total costs and the possible 
deviations from the safety stock. Abbasi et al. (2022) proposed a hybrid model comprising 
genetic algorithms and MILP to address a real-world case where municipal solid waste 
data belonging to 11 districts located in Tehran, Iran chain was used. The bi-objective 
model was developed by considering environmental and economic goals simultaneously.

The review of extant literature reveals that the MILP approach is the most common 
among various mathematical programming techniques in BSC optimization. However, 
unlike most research, Corsano et al. (2011) presented a MINLP for a sustainable supply 
chain network design of bioethanol production from sugar cane. A scenario analysis was 
done to analyze the effects of various parameters on sustainable production and distribu-
tion. Čuček et  al. (2012) formulated a MINLP to maximize the total profit of the BSC 
and assess its carbon footprint and environmental impacts. Chen and Fan (2012) focused 
on a waste biomass-based bioethanol supply chain design based on supply and demand 
uncertainties. They proposed a two-stage SMILP to minimize the supply chain cost. Gon-
ela et al. (2015) proposed a SMILP for sustainable hybrid production in a bioethanol sup-
ply chain based on uncertainties, aiming to maximize economic benefits with social and 
environmental constraints.

Shabani and Sowlati (2016) proposed a SMILP model to maximize a forest biomass-
based supply chain network. The impact of uncertainties was analyzed using a MILP 
and stochastic MILP model. Santibañez-Aguilar et  al. (2016) proposed a multi-objective 
SMILP model that takes into account environmental and economic goals to control the 
supply chain of biofuels from various biomass sources. Fattahi and Govindan (2018) devel-
oped a SMILP model for a multi-biomass-based biofuel supply chain that addresses three 
sustainability safeguards. A similar study was developed by Saghaei and Dehghanimadvar 
(2020), where forest biomass was used. A recent study by Sarker et al. (2019) developed 
a MINLP to minimize cost when locating biogas facilities. A genetic algorithm (GA) was 
used as the solution method.
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Other studies concerning optimizing modern BSCs use simulation-based techniques. 
Marvin et  al. (2012) proposed a MILP to maximize the net present value of a biomass-
based biofuel supply chain for bioethanol production using various agricultural residues. 
A sensitivity analysis of price uncertainty and Monte Carlo simulation were used to deter-
mine the robustness of the supply chain. Paolotti et al. (2017) proposed a simulation model 
for modeling the economic and environmental goals of the biomass supply chain. Lastly, 
Akhtari et al. (2019) utilized Any Logic software to compare the effects of inventory man-
agement systems’ annual demand, cost, and CO2 emissions on forest-based BSCs using 
forest waste as the source of biomass.

Salehi et al. (2022) developed a resilient and sustainable biomass supply network with 
uncertainty in bio-energy demand and disruption in the bio-refinery. They utilized a robust 
approach to handle the uncertainty in bioenergy demand. Aranguren et  al. (2021) sug-
gested a two-stage stochastic model for co-firing biomass supply chain networks. They 
deployed simulated annealing to solve the presented model. The proposed model is vali-
dated by using real data from the northeast region of the USA. Guo et al. (2022) developed 
a multi-period stochastic programming model for biomass-to-biofuel supply chain network 
to cope with collectible corn stover removal and farmer participation rates uncertainties. 
Han et al. (2022) reviewed a collection on the prefabricated construction with supply chain 
management process. Wu et al. (2022) introduced an agri-biomass supply chain optimiza-
tion model. They applied the model to a case study in Shandong Province’s Dezhou City.

Ge et  al. (2021) presented a new cellulosic biofuel supply chain model to minimize 
total supply chain cost. The developed model was applied to case studies from the state of 
Illinois in the USA. Allman et al. (2021) suggested deterministic and two-stage stochas-
tic models for biomass waste to energy supply chain optimization with mobile production 
modules under the biomass quantity and location uncertainties. The presented framework 
is applied in Minnesota and North Carolina. Aboytes-Ojeda et al. (2022) introduced a sto-
chastic programming framework to optimize the biomass supply chain to minimize the 
costs of producing biofuels. They presented a novel hub-and-spoke network to take advan-
tage of the economies of scale in transportation and to minimize the effect of poor-quality 
raw material. The model is validated by an application in Texas.

Kwon et  al. (2022) developed a multi-period model of an organic waste-to-biodiesel 
phased supply chain network to strategically handle variations in the biodiesel demand and 
organic waste usage over a long-term planning interval. The application of a future organic 
waste-to-biodiesel supply chain network design case study in South Korea validates the 
suggested model. Habib et al. (2022) presented a robust programming model to determine 
the optimal production–distribution quantities and to support facility location and capacity 
decisions under supply and demand disruption scenarios. They applied the proposed model 
to a real-world case study. Finally, Ahmadvand and Sowlati (2022) developed a robust 
optimization model for the forest-based biomass supply chain for syngas production under 
uncertainties. The model is applied to the real case of a large Kraft pulp mill in British 
Columbia, Canada.

2.1 � Literature gaps

According to the literature mentioned above, few studies on supply chain design for waste 
biomass consider one or two sustainability dimensions. Also, there is a lack of studies 
to explore the concurrent economic, social, and environmental impacts and the balance 
among the sustainability dimensions of waste biomass in a supply chain. In addition, as far 
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as we know, the social impact of local and clean energy use has never been studied in the 
previous literature.

Further, the literature demonstrates that numerous studies have focused on biofuel con-
version with similar biomass raw materials. Therefore, in this study, the application of a 
multi-objective MILP designed for utilizing animal wastes and fruit and vegetable wastes, 
which are selected as raw material sources for food and feed security in the production 
of bioenergy and biofertilizer (organic fertilizer), contributes to the current literature, 
which simultaneously considers three-pillars of sustainability. Furthermore, the model is 
applied to real data for the Istanbul metropolitan area, a unique application to the best of 
our knowledge.

3 � Methodology

3.1 � Problem statement

This study proposes a multi-objective MILP model for biomass-based sustainable energy 
supply chain (BS-ESC) network design, considering three aspects of sustainability: eco-
nomic, environmental, and social. The BSC considered in this study includes four different 
tiers: raw material suppliers, biomass storage, biogas facilities, and demand points. The 
structure of a generic sustainable biomass supply chain is shown in Fig. 2.

An integrated BS-ESC structure for sustainable energy includes several processes from 
suppliers to points of demand. To achieve efficient waste management in the supply chain, cat-
tle manure, laying hen manure, broiler chicken manure, and food waste are used as the inputs 
to the model. Wastes are gathered from farms, and wholesale vegetable markets are collected 

Biomass sources Biomass storages Biogas plants Points of demand

Economic Environmental Social

Network Design considering three pillars of sustainability

Fig. 2   The general structure of a BS-ESC network
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in biomass storage facilities. Then, they are transferred to biogas facilities, where they are fed 
to a digester that conducts anaerobic digestion. The output of this stage is biogas and highly 
nutritious fertilizer. Simultaneous anaerobic digestion of waste increases biogas efficiency, 
contributing to reducing greenhouse gas emissions due to fossil fuel use. On the other hand, 
the biogas is sent to a cogeneration unit, combined heat and power (CHP), which generates 
electrical energy and heat as a by-product. Electrical energy is fed into the national electricity 
network, and the facility uses waste heat as process heat. The digestion residuals are separated 
into solid and liquid organic fertilizers. The solid one is usually sold to municipalities, whereas 
the liquid organic fertilizer is used to meet the water needs of the digester.

Various crops in food production have been used as a vital raw material source for bioen-
ergy. However, this has led to critical competition between food and energy, resulting in an 
unpleasant impact on food security (María et al., 2021; Namany et al., 2019). For this reason, 
the present study aims to use only waste to generate energy. Therefore, the BS-ESC represents 
an interconnected integrated system that simultaneously provides organic waste treatment and 
generation of renewable energy. Additionally, the system serves other purposes, such as reduc-
ing greenhouse gas emissions and potential pollutants if carelessly left to the environment. 
The optimization model for the chain will determine the appropriate system configuration for 
simultaneously minimizing economic and environmental impact while maximizing social 
impact throughout the supply chain.

The following assumptions are considered in developing the mathematical model for BS-
ESC network design:

•	 Biogas is produced by wet anaerobic digestion; therefore, water is added to the digester to 
regulate the total solid content of the feedstock mix.

•	 Two types of biomasses are used to generate bioenergy: animal waste and wholesale mar-
ket waste.

•	 Digestion residual organic solid fertilizer is sold to municipalities for utilization in parks 
and gardens.

•	 The electrical energy generated is fed into the national electricity network.
•	 The capacities of all facilities and warehouses are limited.
•	 The processing facilities and warehouses may be constructed with different predetermined 

capacities based on supply.
•	 Wholesale market waste is stored after size reduction.
•	 Liquid manure and heat are assumed to be used in digesters but are not included in the 

mathematical model.
•	 Wholesale market waste, solid animal waste, and liquid/semi-solid animal waste are stored 

differently.
•	 This study was based on 12 counties of Istanbul with the most concentrated biomass 

sources.
•	 The coefficients of the objective function are deterministic and known.
•	 The model is solved using 10% of the total biomass available.
•	 The discount factor is taken as 0.0824, and the facilities’ lifetime is considered 20 years.
•	 Annual operating costs of facilities and warehouses are 10% of total investment costs.

3.2 � Model formulation

This section defines the formulation of the developed model. The notation for the model is 
presented in Table 1. 
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3.2.1 � Objective functions and constraints

In this subsection, a multi-objective model is presented for the design of anaerobic 
digestion-based biomass energy supply chains. As stated before, the proposed model 
includes environmental, economic, and social objectives, which are three aspects of sus-
tainability. The objectives are as follows:

	 (i)	 To minimize the total cost,
	 (ii)	 To minimize the greenhouse gas emissions (CO2 equivalent) based on transportation 

and production activities in the BSC,
	 (iii)	 And to maximize the use of clean local energy in the local community.

The economic purpose of the presented model is related to minimizing the total cost 
of the BS-ESC network, which is a function of investment and operational expenses and 
generated revenue due to the sales of end products of the system. The related objective 
function has five parts:

Min Z1 = [Investment Costs + Operating Costs + Transport Costs + Biomass Purchase 
Cost] − Total Income.

•	 Total Income: The total income (see Eq. 1) has two components: the sale of electri-
cal energy generated in facilities to the national network and the income obtained 
from the sale of solid organic fertilizer to municipalities.

•	 Investment Costs: Total investment costs (Eq.  2) have also two components: the 
investment cost for warehouses and the investment cost for facilities, respectively.

•	 Operating Costs: Total operating cost (Eq.  3) has three components: warehouses’ 
operating cost, facilities’ operating cost, and water cost. The first two operating cost 
components are considered a predefined percentage of the investment cost.

•	 Transport Costs: Total transport costs (Eq.  4) have three components: biomass 
transported from sources to warehouses, biomass transported from warehouses to 
facilities, and the cost of solid organic fertilizer transported from biogas facilities to 
points of demand.

•	 Biomass Purchase Costs: Biomass purchase costs (Eq. 5) comprise the amounts and 
costs of biomass sent from supply regions.
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∑

t

EGt + GP ⋅

∑

t

∑

i

gti

(2)Df ⋅
∑

d

∑

c

WCdc ⋅ xdc + Df ⋅
∑

t

∑

i

FCtk ⋅ ytk

(3)IO ⋅

∑

d

∑

c

WCdc ⋅ xdc + IO ⋅

∑

t

∑

i

FCtk ⋅ ytk +
∑

t

st ⋅WP

(4)
∑

b
TCb ⋅

((

∑

r

∑

d
brdb ⋅Mard

)

+

(

∑

d

∑

t
bdtb ⋅Mbdt

))

+

(

∑

t

∑

i
gti ⋅ TCti ⋅Meti

)



	 H. G. Yıldız et al.

1 3

Table 1   The notation used in the mathematical model

Index Definition

D Set of storage locations, where D = {1, 2,3,…,d}
T Set of facility locations T = {1, 2,3,…t}
B Set of types of biomass B = {1, 2,3,…,b}
R Set of supply regions R = {1, 2,3,…r}
K Set of alternative facility capacities K = {1, 2,3,…k}
C Capacity of depot/warehouse C = {1, 2,3,…c}
I Set of demand points I = {1, 2,3,…i}
Parameters
BPCtk Biomass processing capacity for a facility with capacity k in the tth location [ton]
EGCtk Electricity generation capacity for a facility with capacity k in the tth location [kWe]
BSCdc Biomass storage capacity a warehouse with capacity c in the dth location [ton]
ABrb The amount of the bth type of biomass available in the rth supply region [ton]
BDOb Biogas conversion rate of the bth type of biomass [m3/ton UK]
MO Methane rate in biogas [%]
BMI Methane unit energy content of biogas [kWh/m3]
BEV The electricity conversion efficiency of biogas in cogeneration unit [%]
GDOb Rate manure conversion for the bth biomass [%]
TKb Rate of solid matter in the bth type of biomass [%]
UKMb Rate of volatile solid matter in the bth type of biomass [%]
KEU Greenhouse gas emission due to electricity generation [kg CO2 equivalent/kWh]
KET Greenhouse gas emission due to biomass transport [kg CO2 equivalent/ton/km]
KEI Annual electricity need of a residence
Mard Distance between the rth supply region and the dth storage location [km]
Mbdt Distance between the dth storage and the tth facility location [km]
Meti Distance between the tth facility and the ith point of demand [km]
FCtk Investment cost of a facility with capacity k in the tth location [€/kWh]
WCdc Investment cost of a warehouse with capacity c in the dth location [€/ton]
TCb Unit transport cost of the bth type of biomass [€/ton-km]
TCti Unit transport cost of digestion residue organic solid manure [€/ton-km]
EP Price of electricity [€/kWh]
GP Price of solid organic manure [€/ton]
WP Price of water[€/ton]
PCb Cost to purchase for the bth type of biomass [€]
IO Predefined investment cost ratio for operating costs [%]
SKO The conversion ratio for solid organic manure in the separator [%]
SSO The conversion ratio for liquid organic manure in the separator [%]
Df Annual discount factor [%]
TKmin Minimum solid biomass content in the digester [%]
TKmax Maximum solid biomass content in the digester [%]
Decision variables
ytk If a facility with capacity k is to open in the tth location, it is 1; otherwise, it is 0
xdc If a warehouse with capacity c is to open in the dth location, it is 1; otherwise, it is 0
brdb The amount of the bth type of biomass transported from the rth supply Region to the 

dth storage [ton]
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The environmental objective of the model is to minimize greenhouse gas (CO2) emis-
sions of the sustainable biomass-based energy supply network. The second objective has 
two components: biomass transport and greenhouse gas emissions caused by bioenergy 
production.

Min Z2 = Greenhouse Gas Emissions of Bioenergy Production + Greenhouse Gas 
Emissions of Biomass Transport.

•	 Greenhouse Gas Emissions of Bioenergy Production: The greenhouse gas emissions 
caused by bioenergy production (Eq. 6) represent CO2 emissions due to biogas facil-
ities producing bioenergy.

•	 Greenhouse Gas Emissions of Biomass Transport: The greenhouse gas emissions of 
biomass transport (Eq. 7) have two components: CO2 emissions due to the transport 
of biomass from supply centers to warehouses and CO2 emissions due to the trans-
port of biomass from warehouses to biogas facilities.

The social objective of the model considers the vital importance of the environment, 
which is one of the seven primary articles of ISO 26000 Social Responsibility Manage-
ment Standard. Thus, the social objective was to maximize meeting the electrical energy 
needs of residences from bioenergy in such a manner that it contributes to clean and 
domestic energy needs:

Max Z3 = Amount of Total Residences using bioenergy.
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Table 1   (continued)

Index Definition

bdtb The amount of the bth type of biomass transported from the dth storage to the tth 
facility [ton]

gti The amount of solid organic manure transported from the tth facility to the ith supply 
region [ton]

Wt The amount of digestion waste organic liquid manure in the tth facility [ton]
BGt The amount of biogas generated in the tth facility location [m3]
EGt The amount of electricity generated in the tth facility [kWh]
st The amount of water used in the tth facility [ton]
PBEt The number of total residences using bioenergy tth location
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•	 Amount of Total Residences using Bioenergy: The total number of residences using bioen-
ergy (Eq. 8) is calculated based on the electricity generated.

Equations (9–22) indicate the constraints of the presented model, which can be grouped 
as demand constraints, flow of material constraints, facility capacity constraints, production 
constraints, digester conversion ratio constraints, and, lastly, natural constraints for problem 
variables of being nonnegative and integer.
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Equation (9) assures that the amount of biomass obtained from a supply source does not 
exceed the amount of biomass available. Similarly, Eq.  (10) represents the constraint by 
which the quantity of biomass sent from biomass supply regions to warehouses equals the 
amount of biomass shipped from warehouses to facilities.

Equation (11) is a capacity constraint and assures that the amount of biomass sent from 
biomass supply regions to warehouses is not higher than the total capacity of warehouses. 
Similarly, Eq. (12) provides that the amount of biomass shipped from warehouses to facili-
ties is not higher than the total capacity of facilities.

Equation (13) calculates the amount of biogas produced and assigns it to a new variable, 
while Eq.  (14) converts the biogas used to produce electricity. Equation  (15) formulates 
that electrical energy generation at facilities does not exceed the technical capacity limit of 
facilities for electrical energy generation.

Equations (16) and (17) calculate the amount of solid and liquid organic fertilizers pro-
duced in facilities. Equations (18) and (19) have been derived from this equation, and they 
provide that the total solid content for wet digestion of biomass slurry is within technical 
limits in digesters. In addition, both constraints estimate the amount of water inserted into 
the digester. Lastly, Eq. (20) shows binary integer decision variables, and Eq. (21) indicates 
nonnegative decision variables.

3.2.2 � Solution procedure

As stated before, the main aim of this study is to find a compromise providing the best pos-
sible agreement among three conflicting objectives that contribute to developing an effi-
cient supply chain for bioenergy production. In solving the multi-objective supply chain 
problem, the GP method, which was first developed by Charnes et al. (1955) and was more 
clearly defined by Charnes and Cooper (1961), is used (Tamiz et al., 1998). GP is a widely 
used multi-objective decision-making approach. Its popularity is mainly because of its flex-
ibility, making it possible to solve decision problems involving various criteria, imperfect 
data, and many decision variables and constraints.

In GP models, deviations between the achievement of goals are minimized, mean-
ing that a particular function of unwanted deviation variables is minimized (Rodr, 2002). 
In this study, weighted GP was used. In the weighted GP algorithm, goal functions are 
weighted by considering their importance levels. An objective function representing all 
objective functions is created as the weighted sum of the three functions representing vari-
ous goals (Verma et al., 2009). The equation of the new objective function, in which three 
objective functions given in Sect. 3.2.1 are simultaneously considered, is shown below:

where w1, w2, and w3 are weights of the three objective functions. The three weights are 
assumed to be equal. d+

1
, d+

2
d+
3
 and d−

1
, d−

2
d−
3
 are deviation variables of goals: d+

1
, d+

2
d+
3
 

indicate positive deviation, and d−
1
, d−

2
d−
3
 represent negative deviations from the goal.

In addition to the constraints given in Sect.  3.2.1, Eqs. (23–25) represent new con-
straints of the model. The new constraints are created by adding deviation variables to each 
objective function.

The representation of the economic objective function denoted as Z1 is given as a new 
constraint:

(21)bdtb, brdb, gti, BGt, EGt, st, Wt ≥ 0
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+
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The representation of the environmental objective function indicated as Z2 is given 
below as a new constraint:

The equation of the environmental objective function denoted as Z3 is given as a new 
constraint:

4 � Case study

To validate the proposed model, a case study is carried out for BS-ESC network design in 
Istanbul, which has the largest population in Turkey and dominance over its surrounding 
area in terms of Turkey’s economic and social development.

The food demand, which has sharply increased recently because of population growth, 
has increased the amount of organic waste generated. Uncontrolled waste storage harms 
natural resources and results in greenhouse gas emissions threatening the environment and 
human health. Wastes, which have adverse effects on the environment, can be used as a 
source of biomass for energy generation in bioenergy facilities instead of being discarded 
as garbage and disposed of in landfills. Istanbul has vast potential for organic waste, such 
as animal and wholesale market waste. Production of energy and anaerobic digestion resi-
due organic fertilizer is possible as a result of utilizing waste as biomass. To achieve this, 
a comprehensive decision-making tool is required that guarantees both the commercializa-
tion and sustainable development of bioenergy generation.

Compared to other types of energy, bioenergy may be obtained from purpose-grown 
products or trees in a very intensive land process. Unsustainable bioenergy production can 
have negative consequences, such as food shortages and land use competition. As shown in 
Fig. 3, 60% of the bioenergy supply in 2030 will come from waste and residues that do not 
require land use (IEA, 2022).

The proposed study presents a sustainable biomass-based energy supply chain model 
for three aspects of sustainable development and real-world assumptions to address these 
issues. The model is applied to selected counties of Istanbul, which are determined depend-
ing on the animal and wholesale waste intensity. Silivri, Çatalca, Arnavutköy, Büyükçek-
mece, Başakşehir, Bayrampaşa, and Eyüp counties were chosen on the European side, 
whereas Beykoz, Sancaktepe, Şile, Pendik, and Tuzla counties were determined on the 
Anatolian side, resulting in a total of 12 counties.
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The model considers these counties as potential regions for biomass supply, warehouses, 
and bioenergy facilities. Candidate locations for points of demand are determined inde-
pendently from these counties. There are 23 supply regions within these counties because 
there is more than one supply point in some areas. The regions are determined based on the 
current economic activities that generate biomass waste. The candidate counties selected 
for facilities are Silivri, Arnavutköy, Başakşehir, Şile, and Tuzla. Likewise, the candidate 
locations for warehouses are assumed to be in Silivri, Arnavutköy, Başakşehir, Şile, Tuzla, 
and Çatalca. Beyoğlu and Kadıköy counties are selected as points of demand. The related 
candidate locations of different facilities in the city are shown in Fig. 4.

4.1 � Biomass sources

In this study, four types of biomass waste are considered raw materials to be processed in 
biogas facilities: cattle manure, laying hen manure, broiler chicken manure, and whole-
sale market waste. To achieve high biogas efficiency, animal manure, and wholesale mar-
ket wastes are simultaneously processed through an anaerobic digestion process in biogas 
facilities. The potential biomass waste data for counties were gathered from the Ministry 
of Food, Agriculture, and Livestock of Turkey. The amount of waste per animal was cal-
culated based on 34 kg/day for cattle and 0.16 kg/day for chickens (Sözer & Yaldiz, 2011). 
The wholesale market waste data were taken from Istanbul Metropolitan Municipality 
Wholesale Market Directorate. Table 2 presents the properties of biomasses discussed in 
this study.

4.2 � Transportation

In this study, we selected road transportation among various transportation modes because 
the national transportation infrastructure in the city is suitable for biomass and fertilizers. 

Fig. 3   Global bioenergy supply (IEA, 2022)
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The related data were provided at the county level. The Euclidean distance was used to 
approximate distances between the locations determined in the counties.

Cattle manure is transported based on a cost of 0.05 €/t-km, whereas wholesale mar-
ket waste is transported based on 0.03 €/t-km (Poeschl et al., 2010). Laying hen manure 
and broiler manure are assumed to be transported at the same price as cattle manure. The 
greenhouse gas emission value due to transport is taken as 0.053 kg CO2 equivalent/t-km 
(Čuček et al., 2010).

4.3 � Biomass warehouses and biogas facilities

Alternative locations of biomass warehouses and biogas facilities are selected as close as 
possible to biomass supply regions to minimize transport costs. In this study, biogas pro-
duced due to anaerobic digestion in biogas facilities is used only to generate electricity 
and heat energy. Therefore, we assumed that the electrical power generated in the cogen-
eration system is wholly distributed to the national electricity network based on the local 

Fig. 4   Locations of facilities in Istanbul

Table 2   Properties of waste biomasses

Biomass source Total solid (%) Biogas effi-
ciency (m3/t 
VS)

Volatile 
solid (%)

References

Cattle manure 16.3 340 81 (Avcioǧlu & Türker, 2012; Zhang 
et al., 2013)

Poultry manure (Egg) 24.5 450 75 (Avcioǧlu & Türker, 2012; Keskin 
et al., 2018)

Poultry manure (Broiler) 50 550 65 (Avcioǧlu & Türker, 2012)
Wholesale market wastes 12.7 450 84.9 (Ganesh et al., 2015; Scano et al., 

2014)
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electricity demand. In contrast, the researchers assumed that the generated heat energy is 
used to satisfy various heat needs of the facility.

Three different capacity levels are assumed for biogas facilities: 4000 t/month, 6000 
t/month, and 14,000 t/month. The installed capacity for electrical energy generation of 
cogeneration systems corresponding to each capacity level is 1000 kWe, 2000 kWe, and 
3000 kWe, respectively, which are usually studied in the literature. The cogeneration sys-
tems’ electrical and heat energy efficiencies are taken as 41% and 44%, respectively (Lijó 
et  al., 2017). The greenhouse gas emission value due to electrical energy production in 
biogas facilities is 0.00023 kg CO2 equivalent/kWh (DECC, 2017).

4.4 � Economic parameters

The electricity generated by biogas facilities is fed into the national electricity network 
for 0.103 €/kWh. The model uses the electricity price specified in Law No. 5346 on the 
Use of Renewable Energy Resources for Generating Electrical Energy for biomass-based 
production facilities. It is assumed that anaerobic digestion residue is sold to solid organic 
fertilizer points of demand at 8.4 €/t.

Investment costs generally do not change linearly according to facility size; thus, the 
relationship among investment costs corresponding to facility capacities is defined in 
Eq. (26) (Amigun & Von Blottnitz, 2010). Facility capacity costs are estimated from the 
literature based on the facility investment cost corresponding to 1000 kWe facility capacity 
(Kremljak, 2017).

where Q2 and C2 indicate the capacity and investment cost of the referenced facility, respec-
tively, and Q1 and C1 show the capacity and investment cost of the new facility. Exponent n 
indicates the capacity cost factor.

The purchase cost of cattle manure is 5.5 €/t, and the purchase cost of laying hen and 
broiler chicken manure is 6.5 €/ton (Chinese et al., 2014). The purchase cost of wholesale 
waste is taken as 5 €/ton.

5 � Experimental results

This study implemented the multi-objective MILP in GAMS version 25.0.3 and solved it 
using a CPLEX solver (v12.8). The solution of the MILP model is performed on a Win-
dows 10 Pro 64-bit operating system, running on hardware with an Intel Core i7 2.60 GHz 
processor and 16  GB RAM. The multi-objective model consists of 27 discrete and 736 
continuous variables at the current model settings.

The total deviation from the target, the optimal solution of the applied model, is 
135314.909. The model deviated by 135314.909 from the target of minimizing the sum 
of the investment, operating, transport, and biomass purchase costs required to establish 
biogas facilities and biomass warehouses. This value indicates that the deviation exceeds 
the optimal result of the single-objective model by 135314.909 €. Accordingly, the value of 
the first objective function is found to be 245988.98 €. The model does not deviate from the 
target of minimizing the CO2 emissions generated during the transport of biomass sources 

(26)
C1

C2

=

(

Q1

Q2
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and the formation of the final product. In other words, the second goal of 179636.943 kg 
CO2 equivalent is realized precisely. Thus, the second objective function is calculated as 
314951.852 kg CO2 equivalent. There is no deviation from the target of maximizing the 
use of renewable energy sources by more residences due to electricity generation in the 
biogas facility. The total of 5013 homes indicates that the result of the single-objective tar-
get is optimal. Table 3 presents the results of the proposed model.

Due to economies of scale, the solution indicates that the biogas facility has to have 
a 14,000 t/month capacity among alternatives; 4000, 6000, and 14,000 t/month. There-
fore, the facility is opened only in Başakşehir among five candidate facility locations. The 
electrical energy generation capacity of the facility is 3000 kWe. Moreover, three biomass 
warehouses, each with a 6000 t/month capacity, are established in three counties. The 
optimum locations for these warehouses are determined as Arnavutköy, Başakşehir, and 
Çatalca. Figure 5 illustrates the biomass flow to established biomass warehouses.

In the model, the following amounts of biomass raw materials are sent to biogas facility 
number 3 in Başakşehir, 54631.083 t/year from biomass warehouse number 2 in Arnavut-
köy, 52686.737 t/year from biomass warehouse number 3 in Başakşehir, and 32783.503 t/
year from biomass warehouse number 6 in Çatalca. The digestion residual solid organic 
fertilizer is only sent to the point of demand number 2 in Beyoğlu such that the distance 
will be close to the biogas facility to prevent the cost and environmental effects caused by 
long-distance transport. Figure 6 illustrates the biomass flow from biomass warehouses to 

Table 3   Optimal values of decision variables

Warehouses opening, capacity, and location decisions
xdc x21 = 1, x31 = 1, x61 = 1, xdc = 0 (for all others)
Facility opening, capacity, and location decisions Facility opening, capacity, and location decisions
ytk y33 = 1, ytk = 0 (for all others)
Amount of waste biomass sent to warehouses from biomass supply regions (ton/year)
brdb b1,6,1 = 23215.38 b10,3,1 = 4965.24 b19,3,2 = 659.92

b2,2,1 = 28153.32 b11,3,1 = 3623.72 b20,6,2 = 3905.71
b3,2,1 = 23359.34 b12,6,2 = 5662.40 b21,3,3 = 264.55
b4,2,1 = 3050.378 b13,2,2 = 61.32 b22,3,4 = 1013.90
b5,3,1 = 7524.183 b14,2,2 = 6.71 b23,3,4 = 1520.80
b6,3,1 = 11576.05 b15,3,2 = 17.52 Values of all other bdtp = 0
b7,3,1 = 8337.04 b16,3,2 = 12.20
b8,3,1 = 1788.28 b17,3,2 = 64.24
b9,3,1 = 11228.57 b18,3,2 = 90.52

Amount of waste biomass sent to the facility from warehouses (ton/year)
bdtb b2,3,1 = 54563.05 b3,3,3 = 264.55 Values of all other bdtp = 0

b2,3,2 = 68.04 b3,3,4 = 2534.70
b3,3,1 = 49043.08 b6,3,1 = 23215.39
b3,3,2 = 844.41 b6,3,2 = 5662.41

b6,3,3 = 3905.71
Amount of manure sent to the point of demand from the facility (t/year)
gti g3,2 = 25009.399, and all other gti = 0
Amount of electricity generated in the facility (kWh)
EGt EGt = 18,046,830
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the biogas facility and the solid organic fertilizer flow from the biogas facility to the point 
of demand. The model allows the establishment of one facility and three warehouses in the 
European part of Istanbul.

5.1 � Sensitivity analysis

In this section, we conduct a sensitivity analysis to analyze the effects of biomass availabil-
ity, processing capacity, storage capacity, electricity generation capacity, and the weight of 
goals.

The variability in biomass availability significantly affects CO2 emissions from 
transportation and bioenergy production, the number of residences using renewable 
energy depending on electricity production, and transportation and biomass purchas-
ing costs. A detailed analysis of its impact on various decision variables is described 
below, taking into account the biomass availability parameter, which is thought to 
affect the performance of the BS-ESC. The basic model determines the biomass avail-
ability as %10 of the existing biomass availability. Sensitivity analysis shows how vari-
ous decision variables change with different biomass availability percentages: in the 

Fig. 5   Supply regions and biomass flow between warehouses

Fig. 6   Biomass and digestion residual flow among warehouses, the facility and point of demand



	 H. G. Yıldız et al.

1 3

range of 15% to 55%. Biomass flow was not achieved above 55% due to the insufficient 
capacity of biomass warehouses.

As shown in Table 4, biomass availability causes changes in the location, number, 
and capacity of the biomass warehouse and biogas facilities. In addition, the change 
in biomass availability causes deviations from the economic and environmental objec-
tives, while it does not lead to deviations in the social goals (see Fig. 7). Increased bio-
mass availability drove changes in the optimum value of the objective function and the 
location, number, and capacity of the biomass warehouse and biogas facilities. More 
precisely, higher biomass availability increased the capacity and number of biomass 
warehouses and biogas facilities. However, parallel to the increased biomass availabil-
ity, the electricity generated increased linearly.

Next, we conduct a set of second sensitivity analyses regarding biomass process-
ing capacity. As given in Table 5, biomass processing capacity increased from 10 to 
300%. Table 5 shows the effect of biomass processing capacity on objective functions 
and decision variables. As can be seen, the economic goal is sensitive to the increase 
in biomass processing capacity. On the other hand, the environmental and social goals 
remain almost constant. The biomass processing capacity increasing ratio caused 
changes in the location, number, and capacity of the biomass warehouse and biogas 
facilities. Figure 8 shows the total deviation from the objective functions depending on 
the biomass of processing capacity, where a stepwise increase is observed.

The third sensitivity analysis addresses the biomass storage capacity parameter. 
As given in Table 6, biomass processing capacity is varied from  − 80% to 300%. The 
economic goal is sensitive to the increase in biomass storage capacity. However, the 
environmental and social goals remained constant. As shown in Table 6, biomass stor-
age capacity increasing ratio cause changes in the location, number, and capacity of 
the biomass warehouse and biogas facilities. According to Fig.  9 depending on the 
changes in the biomass storage capacity, the maximum deviation of the objective func-
tions from the desired values occurs when the capacity is reduced.

The electricity generation capacity is also a crucial parameter. Table  7 shows the 
effect of electricity generation capacity on the objective functions and the decision 
variables. While the economic goal is sensitive to the increase in electricity generation 
capacity, the environmental and social goals remained constant with increasing bio-
mass processing capacity. Table 7 shows no change in facility opening decisions based 
on electricity generation capacity except for the range  − 40% and  − 80%. In addi-
tion, Fig. 10 indicates the deviations in electricity generation capacity between  − 40% 
and  − 80% lead to a significant change in the objective function. Also, the parameter 
affects the decisions on the location, number, and capacity of the biomass warehouses 
decision.

Lastly, we elaborate on the selected weights of the three goals and their possible 
reflections on the decision variables. We deploy AHP based on spherical fuzzy sets. 
The weights of the goals were calculated with the mentioned method, as economic 
(0.36), environment (0.34), and social (0.30), respectively. Preliminaries of the spheri-
cal fuzzy sets, the main stages of the spherical fuzzy AHP method, and the relevant 
calculations are given in Appendix 1.

We designed six scenarios by deviating the weights as given in Table 8. The analy-
sis shows that changing the weights of the goals does not affect the objective function 
and decision variables (see Table 8 and Fig. 11).
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6 � Policy implications

During the last decade, the biogas industry has grown by 90% (120 GW in 2019 compared 
to 65 GW in 2010) (Abanades et al., 2022). The results we obtained reveal the potential role 
of biomass-based sustainable energy in meeting energy needs in Istanbul. Furthermore, 
the use of wastes, which can become very hazardous due to uncontrolled applications, in 
producing energy and fertilizers is promising. The study’s goals include minimizing envi-
ronmental impacts and costs, reducing dependency on energy from abroad, and providing 
energy security. Therefore, the model ensures faster progress on sustainable development 
goals by increasing renewable energy use in the metropolitan area of Istanbul. In addition, 
this study presents a real application for the literature on biomass-based sustainable energy 
supply chain design while revealing the vital role of supply chain management in achieving 
renewable energy goals. Thus, it provides a novel guideline for local policymakers who are 
also interested in creating a “green” reputation for the city.

This study can be expanded in different directions. First, a recent study confirms that 
well-designed policies prosper the biogas market as a renewable energy source (Abanades 
et al., 2022). National organizations and regulatory bodies play an essential role in devel-
oping such markets. The European Biogas Association is a pioneering example of this. 
Similarly, the Chinese government has made efforts to regulate renewable energy markets, 
including biogas. In 2019, the waste-free cities initiative by China made a positive con-
tribution to the development of the biogas market (Abanades et al., 2022). Undoubtedly, 
these examples show us that for the proposed network design to be successful, the issue 
must be considered from multiple perspectives. Government intervention to promote bio-
energy production can be an excellent initial strategy to remedy the negative consequences 
of greenhouse gas emissions and dependence on carbon-intensive fuels. Thus, the potential 
effects of various government incentives on the sustainability goals of the network can be 
investigated. Second, the current study is based on a setting where the biomass is sent to 
centralized processing facilities. However, small-scale household digesters may be an alter-
native to this, which is worth evaluating (Rajendran et al., 2012).

This option is particularly attractive in rural areas as it allows biomass to be converted 
to biogas, where it is produced and consumed on-site. In this way, transportation costs and 
carbon emissions from transportation will also decrease. This solution will be possible 
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by increasing the efficiency of domestic digesters and designing them with cost-effec-
tive materials (Rajendran et  al., 2012). Third, another important topic is the availability 
of organic waste. Resources such as food waste, which increase with urbanization, are an 
important source for biogas production in metropolitan areas such as Istanbul. In addition, 
another critical source of supply for biomass we foresee in our model is chicken farms. 
However, closing such businesses for economic or social reasons can threaten the supply 
network (Raven & Gregersen, 2007).

Furthermore, a trigeneration system can be evaluated to increase supply chain effi-
ciency. Finally, given the current study’s results, both annual energy production and utiliza-
tion of more waste can be achieved by increasing the capacity of biomass warehouses and 
biogas facilities. Different plant sizes were considered in this study. However, the subject 
should be studied in more detail, and the optimal facility size should be found by consider-
ing energy efficiency (Walla & Schneeberger, 2008).

7 � Conclusion

This study presented a model for designing a BS-ESC. A mathematical model was devel-
oped that could be used to design and manage this supply chain. The model covered the 
entire supply chain network from biomass purchase to bioenergy production. It aimed to 
optimize the whole supply chain network’s economic, environmental, and social impacts.

Turkey occupies an important place among the countries in the region in terms of agri-
culture and livestock. However, the livestock and food industry, which has grown with an 
increasing human population, has caused a high amount of waste leading to environmental 
problems. In recent years, poultry and livestock animal-based wastes have been among the 
issues to be resolved by the policy makers.

Unprocessed waste causes considerable damage to nature and the environment. Simulta-
neous anaerobic digestion of these wastes is a robust waste disposal method. Recycling of 
animal wastes and fruit and vegetable (wholesale market) wastes positively contributes to 
nature in terms of preventing environmental pollution and producing renewable energy and 
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organic fertilizers rich in nutrients that are extremely necessary for plants. The electricity 
generated as a result of processing waste in biogas facilities is guaranteed to be purchased 
by the government, with incentives aimed at making electricity generation from renewable 
energy sources widespread. The primary support and incentive mechanism is a fixed price 
guarantee.

Within the scope of this study, the evaluation of animal and wholesale market wastes in 
electricity generation from biogas was examined in Istanbul, which has significant waste 
potential. This study was carried out based on predetermined counties with large amounts 
of biomass waste. First, the results obtained by using only 10% of wastes were analyzed. 
When biomass availability was increased, the number of residences using electricity from 
renewable energy and organic fertilizer production increased linearly. However, analyses 
could only be performed up to 50% biomass availability due to the low capacity of the bio-
mass warehouses.

This study’s main contributions and novelties are as follows: A multi-objective opti-
mization methodology was developed to address strategic and tactical decision-making in 
a biogas supply chain. The multi-objective goal programming model optimized the triple 
bottom line of sustainability for the biogas supply chain. The presented model supported 
food safety by eliminating concerns about using renewable biomass raw materials for 
energy generation by selecting waste biomass resources for energy production. Further-
more, the study supported view of the circular economy that aims to transform waste into 
new resources as much as possible by using organic fertilizer. A real-life case in Istanbul 
Turkey validated the suggested model. Finally, we performed several sensitivity analyses 
to understand the effects of changes in biomass availability, biomass processing capacity, 
biomass storage capacity, electricity generation capacity, and the weights of goals, which 
was done with spherical fuzzy AHP.

Future studies can also focus on developing a more comprehensive geographic model. 
Secondly, the optimization framework can be extended to a multi-year time horizon. MILP 
is a widely used approach applied to optimize supply chain decisions among mathematical 
programming approaches. However, real-world problems are usually more complex; thus, 
their modeling possesses various uncertainties. Therefore, robust and stochastic program-
ming may be necessary to address the uncertainties, such as biomass availability, indicators 
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that are applicable to measuring sustainability, product yields, energy prices, and invest-
ment costs. Using a single source of biomass or combining different types of biomass can 
enable an assessment of the effects of biomass use on the supply chain. In the anaerobic 
digestion of biomass, the impact of different types of digesters on the biomass supply chain 
can be studied.
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Fig. 10   The effect of electricity generation capacity on the objective function value

Table 8   Results of sensitivity analysis on the weights of goals

w1 w2 w3 P1 P2 P3 Objective function x y

Scenario 1 0.36 0.34 0.30 0 135,315 0 46007.1 x21, x31, x61 y33

Scenario 2 0.34 0.36 0.30 0 135,315 0 48713.4 x21, x31, x61 y33

Scenario 3 0.30 0.34 0.36 0 135,315 0 46007.1 x21, x31, x61 y33

Scenario 4 0.36 0.30 0.34 0 135,315 0 40594.5 x21, x31, x61 y33

Scenario 5 0.30 0.36 0.34 0 135,315 0 48713.4 x21, x31, x61 y33

Scenario 6 0.34 0.30 0.36 0 135,315 0 40594.4 x21, x31, x61 y33
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Fig. 11   The effect of the weight of goals on the objective function value
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Moreover, chemical processes occurring within digesters can be included in the model. 
In addition to electricity and organic fertilizers, heat can be considered a by-product. The 
environmental and social impact of replacing organic fertilizer with chemical fertilizer on 
the supply chain can be examined. The use of liquid fertilizer and heat in digesters can be 
included in the mathematical model.

The major limitations of this study are as follows. First, the uncertainty is not addressed 
in this study, which can considerably improve the result of the proposed model. The pre-
sented model considers deterministic parameters. Second, the model does not take into 
account the perishability aspect and transportation losses of biomass feedstocks. This study 
can be extended to include these aspects in the model. Third, the facility and warehouse 
locations were chosen as close as possible to the suppliers, considering the transporta-
tion costs. Geographical Information Systems and multi-criteria decision methods can be 
adopted as supportive tools for site selection. Finally, transport costs and emissions are 
estimated only when the vehicle is full. Costs and emissions should also be included when 
the vehicle returns empty to make the model realistic.

Appendix 1

Spherical fuzzy sets: preliminaries

Spherical fuzzy sets (SFs) as a generalization of Pythagorean fuzzy sets and neutrosophic 
sets were presented by Kutlu and Kahraman in 2018. In spherical fuzzy sets, while the 
squared sum of membership, nonmembership, and hesitancy parameters can be between 0 
and 1, each of them can be defined between 0 and 1 independently (Büyüközkan & Güler, 
2020; Kutlu Gündoğdu & Kahraman, 2019, 2020). Thus, SFS provides a larger preference 
domain for decision-makers through the novel concept. For instance, a decision-maker may 
assign his/her preference for an alternative with respect to a criterion as (0.5, 0.4, 0.6). In 
this case, the sum of the parameters is larger than one, whereas the squared sum is 0.77. In 
SFS, the decision-maker should define a hesitancy degree just like other dimensions, with 
membership and nonmembership degrees.

The basic definitions and notations of the linguistic variable SFS and its operations as 
follows:

Definition 1   In SFS, Ãs of the universe of discourse U is defined by the following 
expression;

and

For each u , the value u
Ãs
(u), vÃs

(u), and �
Ãs
(u) are the degree of membership, nonmem-

bership, and hesitancy of u to Ãs , respectively (Kutlu Gündoğdu & Kahraman, 2020).

u �As
∶ U → [0, 1], vÃs

∶ U → [0, 1],𝜋Ãs
∶ U → [0, 1]

0 ≤ u2
Ãs

(u) + v2
Ãs

(u) + 𝜋2

Ãs

(u) ≤ 1 (u ∈ U)

Ãs =
{

u,
(

uÃs
(u), vÃs

(u), 𝜋Ãs
(u)

)

|u ∈ U
}
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Definition 2  Let U1 and U2 be two universes. Let Ãs and B̃s be two SFSs of the universe of 
discourse U1 and U2 . Geometrical representation of SFS and distances between Ãs and B̃s is 
given in Fig. 12 (Yang & Chiclana, 2009).

 

by utilizing u2
Ã
+ v2

Ã
+ 𝜋2

Ã
= 1 , we can find the normalized distances between Ãs and B̃s as 

follows:

Definition 3   The algebraic operations are defined as follows (Kutlu Gündoğdu & Kahra-
man, 2019).

Addition:

D
(

Ãs, B̃s

)

=
2

𝜋

n
∑

i∶1

arccos
(

1 − 0.5 ×
[

(

uÃs
− uB̃s

)2
+
(

vÃs
− vB̃s

)2
+
(

𝜋Ãs
− 𝜋B̃s

)2
])

0 ≤ D(Ãs, B̃s) ≤ n

Dn

(

Ãs, B̃s

)

=
2

n𝜋

n
∑

i∶1

arccos
(

uÃs

(

ui
)

× uB̃s

(

ui
)

+ vÃs

(

ui
)

× vB̃s

(

ui
)

+ 𝜋Ãs

(

ui
)

× 𝜋B̃s

(

ui
))

0 ≤ Dn(Ãs, B̃s) ≤ 1

Ãs ⊕ B̃s =

{

√

u2
Ãs

+ u2
B̃s

− u2
Ãs

⋅ u2
B̃s

, v2
Ãs

⋅ v2
B̃s

,

√

((

1 − u2
B̃s

)

𝜋2

Ãs

+

(

1 − u2
Ãs

)

𝜋2

B̃s

− 𝜋2

Ãs

.𝜋2

B̃s

)

}

Fig. 12   3D geometrical represen-
tation of SFs
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Multiplication;

Multiplication by a scalar;

x. Power of Ãs:

Union;

Intersection;

Definition 4  The basic operators in SFSs are defined as follows (Kutlu Gündoğdu & 
Kahraman, 2019).

Definition 5  Spherical weighted arithmetic mean (SWAM) with respect to 
w = (w1,w2,… ,wn);

n
∑

i∶1

wi = 1, is defined as follows (Kutlu Gündoğdu & Kahraman, 

2019). 

Ãs ⊗ B̃s =

{

u2
Ãs

⋅ u2
B̃s

,
√

v2
Ãs

+ v2
B̃s

− v2
Ãs

⋅ v2
B̃s

,

√

((

1 − v2
B̃s

)

𝜋2

Ãs

+

(

1 − v2
Ãs

)

𝜋2

B̃s

− 𝜋2

Ãs

.𝜋2

B̃s

)

}

Ãs ⊗ x =

{

√

1 −
(

1 − u2
Ãs

)x

, vx
Ãs

,

√

(

1 − u2
Ãs

)x

−

(

1 − u2
�As

− 𝜋2

Ãs

)x

}

Ãx
s
=

{

ux
Ãs

,

√

1 −
(

1 − v2
Ãs

)x

,

√

(

1 − v2
Ãs

)x

−

(

1 − v2
Ãs

− 𝜋2

Ãs

)x

}

Ã
s
∪ B̃

s
=

{

max

(

u
2

Ãs

, u2
B̃s

)

, min

(

v
2

Ãs

⋅ v
2

B̃s

)

, min

(

1 −

(

(

max

(

u
2

Ãs

, u2
B̃s

))2

+

(

min

(

v
2

Ãs

, v2
B̃s

))2
)

, max

(

𝜋2

Ãs

,𝜋2

B̃s

)

)}

Ã
s
∩ B̃

s
=

{

min

(

u
2

Ãs

, u2
B̃s

)

, max

(

v
2

Ãs

⋅ v
2

B̃s

)

, min

(

1 −

(

(

min

(

u
2

Ãs

, u2
B̃s

))2

+

(

max

(

v
2

Ãs

, v2
B̃s

))2
)

, min

(

𝜋2

Ãs

,𝜋2

B̃s

)

)}

Ãs ⊕ B̃s = B̃s ⊕ Ãs

Ãs ⊗ B̃s = B̃s ⊗ Ãs

x
(

Ãs ⊕ B̃s

)

= x ⋅ Ãs ⊕ x ⋅ B̃s

x1 ⋅ Ãs ⊕ x2 ⋅ Ãs =
(

x1 + x2
)

Ãs

(

Ãs ⊗ B̃s

)x
= Ãx

s
.B̃x

s

Ã−x
s

⊗ Ã−y
s

= Ã−x−y
s

SWAMw

(

Ãs1, Ãs2,… , Ãsn

)

= w1Ãs1 + w2Ãs2 +…+ wnÃsn
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Definition 6   Spherical weighted geometric mean (SWGM) with respect to 
w = (w1,w2,… ,wn);

n
∑

i∶1

wi = 1 is defined as follows [13]:

Definition 7   Score functions and accuracy function of sorting SFS are defined with [13];

Score 
(

Ãs

)

=

(

u �As
− 𝜋�As

)2

−

(

v �As
− 𝜋�As

)2

.

Accuracy 
(

Ãs

)

= u2
Ãs
+ v2

Ãs
+ 𝜋2

Ãs
.

Note that: Ãs < B̃s if and only if Score
(

Ãs

)

< Score
(

B̃s

)

 or Score
(

Ãs

)

= Score
(

B̃s

)

 
and Accuracy

(

Ãs

)

< Accuracy
(

B̃s

)

.

SF‑AHP steps

SF-AHP includes four steps, as given below.

Step 1 Determine criteria weights using SF-AHP.
Step 2 Establish the hierarchical structure of the DMM.
Step 3 Construct a pairwise comparison matrix with spherical fuzzy judgment matri-
ces based on the linguistic terms given in Table 2. Equations (27) and (28) are used to 
obtain the score indices (SI) in Table 9.

For AMI, VHI, HI, SMI, and EI

For EI; SLI; LI; VLI; and ALI;

=

⎧

⎪

⎨

⎪

⎩

�

�

�

�1 −

n
�

i∶1

�

1 − u2
Ãsi

�wi

,

n
�

i∶1

v
wi

Ãsi

,

�

�

�

�

n
�

i∶1

�

1 − u2
Ãsi

�wi

−

n
�

i∶1

�

1 − u2
Ãsi

− �2

Ãsi

�wi

⎫

⎪

⎬

⎪

⎭

SWGMw

(

Ãs1, Ãs2,… , Ãsn

)

= Ã
w1

s1
+ Ã

w2

s2
+…+ Ãwn

sn

=

⎧

⎪

⎨

⎪

⎩

n
�

i∶1

u
wi

Ãsi

,

�

�

�

�1 −

n
�

i∶1

�

1 − v2
Ãsi

�wi

,

�

�

�

�

n
�

i∶1

�

1 − v2
Ãsi

�wi

−

n
�

i∶1

�

1 − v2
Ãsi

− �2

Ãsi

�wi

⎫

⎪

⎬

⎪

⎭

(27)SI =

√

|

|

|

|

100 ×
(

(

uÃs
− 𝜋Ãs

)2
−
(

vÃs
− 𝜋Ãs

)2
)

|

|

|

|

(28)SI−1 = 1

/

√

|

|

|

|

100 ×
(

(

uÃs
− 𝜋Ãs

)2
−
(

vÃs
− 𝜋Ãs

)2
)

|

|

|

|
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Step 4. Estimate the spherical fuzzy weights of criteria using SWAM operator given 
in Definition (v). The weighted arithmetic mean is used to compute the spherical fuzzy 
weights.

Determining the weight of goals by employing SF‑AHP

In this stage, SF-AHP determines the relative importance of economic, environmental, 
and social goal weights.

Step 1 Establish the Hierarchical structure
The hierarchical structure of determining the weights of goals consists of three main 
criteria, as depicted in Fig. 13. 
Step 2  Construct pairwise comparisons matrix
The pairwise comparison matrices for the main criteria are determined by three experts 
using the linguistic scale in Table 9 (Kutlu Gündoğdu & Kahraman, 2020). The data 
were collected from three experts through a structured survey. Table  10 gives the 
experts’ opinions on the pairwise matrices of the main criteria.
Aggregated fuzzy pairwise comparison matrix for the main criteria is constructed as per 
Table 11.

Table 9   Linguistic scale and 
corresponding SFs (Kutlu 
Gündoğdu & Kahraman, 2020)

Score Index 
(SI)

(u, v, π)

Absolutely more importance (AMI) 9 (0.9,0.1,0.0)
Very high importance (VHI) 7 (0.8,0.2,0.1)
High importance (HI) 5 (0.7,0.3,0.2)
Slightly more importance (SMI) 3 (0.6,0.4,0.3)
Equal importance (EI) 1 (0.5,0.4,0.4)
Slightly low importance (SLI) 1/3 (0.4,0.6,0.3)
Low importance (LI) 1/5 (0.3,0.7,0.2)
Very low importance (VLI) 1/7 (0.2,0.8,0.1)
Absolutely low importance (ALI) 1/9 (0.1,0.9,0.0)

Fig. 13   Hierarchical structure for 
determining the weights of goals
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Step 3 Estimate the spherical fuzzy global and local weights of criteria:
We use the SWAM operator given in Definition (v). The weighted arithmetic mean is 
used to compute the spherical fuzzy weights, as given in Table 12.

Data availability  No data were used to support this study.

Declarations 

Conflict of interest  The authors declare that they have no conflict of interest.

Table 10   Pairwise matrices for each expert’s opinion

Economic Environment Social

Expert Criteria µ v π µ v π µ v π

Expert 1 Economic 0.5 0.4 0.4 0.7 0.3 0.2 0.6 0.4 0.3
Environment 0.3 0.7 0.2 0.5 0.4 0.4 0.4 0.6 0.3
Social 0.4 0.6 0.3 0.6 0.4 0.3 0.5 0.4 0.4

Expert 2 Environmental 0.5 0.4 0.4 0.4 0.6 0.3 0.6 0.4 0.3
Economic 0.6 0.4 0.3 0.5 0.4 0.4 0.7 0.3 0.2
Social 0.4 0.6 0.3 0.3 0.7 0.2 0.5 0.4 0.4

Expert 3 Environmental 0.5 0.4 0.4 0.4 0.6 0.3 0.6 0.4 0.3
Economic 0.6 0.4 0.3 0.5 0.4 0.4 0.5 0.4 0.4
Social 0.4 0.6 0.3 0.5 0.5 0.4 0.5 0.4 0.4

Table 11   Aggregated evaluations 
of three experts on the main 
criteria

Economic Environment Social

µ v π µ v π µ v π

Economic 0.50 0.46 0.40 0.48 0.48 0.26 0.60 0.40 0.30
Environment 0.48 0.48 0.26 0.50 0.46 0.40 0.52 0.45 0.29
Social 0.40 0.60 0.30 0.45 0.52 0.29 0.50 0.46 0.40

Table 12   The spherical fuzzy 
weights of the criteria

Weights

Economic 0.36
Environment 0.34
Social 0.30
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