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Abstract
In recent years, the hyper-competitive marketplace has led to a drastic enhancement in the importance of the supply chain

problem. Hence, the attention of managers and researchers has been attracted to one of the most crucial problems in the

supply chain management area called the supply chain network design problem. In this regard, this research attempts to

design an integrated forward and backward logistics network by proposing a multi-objective mathematical model. The

suggested model aims at minimizing the environmental impacts and the costs while maximizing the resilience and

responsiveness of the supply chain. Since uncertainty is a major issue in the supply chain problem, the present paper studies

the research problem under the mixed uncertainty and utilizes the robust possibilistic stochastic method to cope with the

uncertainty. On the other side, since configuring a supply chain is known as an NP-Hard problem, this research develops an

enhanced particle swarm optimization algorithm to obtain optimal/near-optimal solutions in a reasonable time. Based on

the achieved results, the developed algorithm can obtain high-quality solutions (i.e. solutions with zero or a very small gap

from the optimal solution) in a reasonable amount of time. The achieved results demonstrate the negative impact of the

enhancement of the demand on environmental damages and the total cost. Also, according to the outputs, by increasing the

service level, the total cost and environmental impacts have increased by 41% and 10%, respectively. On the other hand,

the results show that increasing the disrupted capacity parameters has led to a 17% increase in the total costs and a 7%

increase in carbon emissions.
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1 Introduction

Over the last two decades, due to the drastic increase in

competition in both national and international markets, the

importance of supply chain (SC) management has been

highlighted, which led to enhancing the amount of research

conducted in this field [1]. In the traditional approach,

managers only considered the economic dimension of the

SC while increasing the concerns about environmental

impacts (EIs) of the SC has led to attracting the attention of

researchers to design SC considering the environmental

aspect that resulted in the development of green supply

chain (GSC) [2–7]. In this regard, one of the ways to

reduce EIs is incorporating the reverse logistics that lead to

reusing the End-of-Use (EOU) or End-of-Life (EOL)

products [8–10]. On the other side, one of the crucial

concepts in the SC management area is responsiveness. In

general, researchers described responsiveness as the ability
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of a network to satisfy customer demand due to fluctuations

in demand over the planning horizon [11]. Responsiveness

is an important metric that can significantly improve the

productivity of an SC [11]. On the other hand, since the

SCs usually exposed to natural and man-made disruptions,

the role of resiliency strategies has been highlighted in

modern businesses [12]. In the literature, the set of strate-

gies to tackle the potential threats and recoil from disrup-

tions is called resiliency [13, 14]. Although incorporating

the resilience strategies may seem costly at first glance,

ignoring this crucial concept may lead to an irreparable

financial loss [12].

According to the crucial role of the mentioned issues,

the present work configures an integrated forward and

reverse SC considering resilience, responsiveness, and

environmental dimensions. In this way, we propose a

multi-objective mathematical model (MOMM) that mini-

mizes the EIs and costs of the SC and also maximizes

resilience and responsiveness. Then, to deal with the

uncertainty of the SC problem, a robust possibilistic

stochastic (RPS) optimization method is applied. After-

wards, due to the complexity of the research problem, a

hybrid approach based on the LP-metric method and the

enhanced particle swarm optimization (PSO) algorithm is

developed to solve the proposed model. The main necessity

of the current research is simultaneous consideration of the

mentioned aspects (i.e. greenness, responsiveness, and

resiliency) in the SC problem, which can dramatically

improve the performance of the SC network. Also, another

necessity of this study is to investigate the logistics activ-

ities of one of the crucial medical devices (MDs), which

was widely used during the COVID-19 outbreak, namely

the oxygen concentrator device. Regarding the benefits of

the present work, we can say that managers of the SC,

especially in the field of the MDs industry, can benefit from

this study and give a very nice perspective on the impor-

tance and application of the three factors (i.e. greenness,

responsiveness, and resilience) in the SC design problem.

On the other hand, researchers can benefit from this work

due to its theoretical contributions such as developing the

enhanced PSO algorithm.

In general, the main objectives of the present research

are as follows:

1. Proposing a MOMM to design a responsive-resilient

SC with environmental considerations.

2. Tackling the hybrid uncertainty employing the robust

possibilistic stochastic method.

3. Proposing an efficient algorithm to achieve the opti-

mal/near-optimal solutions. In this regard, an enhanced

particle swarm optimization algorithm is developed.

On the other hand, the main scope of this study is related

to investigating the SC network design problem by

considering three crucial metrics, namely the EIs, respon-

siveness, and resiliency.

In the following, the literature is reviewed in Sect. 2.

The research problem is formulated in Sect. 3. The

methodology of this paper is provided in Sect. 4. The

computational results are presented in Sect. 5. Eventually,

conclusions are provided in Sect. 6.

2 Literature review

This section is dedicated to reviewing the related literature

in three parts: (1) green SC, (2) resilient SC, and (3)

responsive SC. Then, we categorize the existing studies

and provide the research gaps and contributions.

2.1 Green SC

In general, when environmental issues are considered in the

SC network problem, the traditional SC shifts to a green

one. In recent years, the green SC problem has attracted the

attention of researchers, and in this part, we report some of

the related works in this area.

Rad and Nahavandi [15] proposed a model to config-

ure a green closed-loop SC (CLSC) network considering

discount. The offered model minimized the costs and EIs

while maximizing customers’ satisfaction. Boronoos et al.

[16] presented a multi-objective MINLP model to design a

green SC network under uncertainty to reduce the total

costs (TCs) and EIs. They developed a robust approach to

cope with epistemic uncertainty and flexible constraints.

Considering the case study of the copier industry, the

authors obtained the optimal solution using the Torabi and

Hassini [17] approach. Zhen et al. [18] investigated the

green and sustainable SC network problem by proposing a

scenario-based bi-objective model with uncertain demand.

The suggested model minimized the EIs and the TCs,

simultaneously. It should be noted that the authors utilized

the Lagrangian relaxation approach to handle the problem.

Yavari et al. [19] proposed a Multi-Objective Mixed

Integer Programming (MOMIP) model to design a multi-

period multi-product green SC under uncertainty for per-

ishable products of a dairy company. The main aims of the

proposed model are total cost and EIs minimization. The

robust optimization (RO) approach is employed to cope

with uncertain parameters, including demand, returned

products’ quality and rate of return. Mardan et al. [20]

configured a green SC network by presenting a mathe-

matical model. The authors aimed to minimize TCs and

environmental emissions through the optimal choice of the

location and amount of transportation. The proposed model

was solved by combining the LP-metric method and Ben-

ders’ decomposition. The application of the suggested
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model is investigated through a case study of a wire-and-

cable industry. Rahimi and Fazlollahtabar [21] offered a

mixed-integer programming model to design a green CLSC

considering different product quality levels and pricing

policies. The main objective of the proposed model is total

profit maximization. The proposed network includes sup-

pliers, producers, distributors, and consumers in the for-

ward SC, and in the reverse SC consists of the collection,

recycling, and disposal centres. To solve the research

problem, two metaheuristic algorithms, i.e. particle swarm

optimization and genetic algorithm, were developed. Yu

and Khan [22] presented a stochastic fuzzy programming

model for designing an environmental-friendly SC to

minimize EIs and the total cost. They applied the e-con-
straint approach to solve the suggested model. Gholizadeh

and Fazlollahtabar [23] offered a mathematical model to

develop a green CLSC for the melting industry. The pro-

posed model’s main objective is to maximize total profit

while considering environmental aspects. The authors uti-

lized the RO method to cope with the uncertainty and

solved the research problem by developing a modified

genetic algorithm. Sharif et al. [24] investigated the inte-

grated green SC network design and routing problems.

They proposed a mathematical model and developed a

simulated annealing algorithm to handle the suggested

model. Homayouni et al. [25] offered a RO model to design

a green-sustainable SC network considering different types

of vehicles and carbon emission policies. That research

attempts to minimize the total cost of the network and EIs.

The authors combined the goal programming approach and

a heuristic method to handle the complexity of the problem

in solving process.

2.2 Resilient SC

In general, resiliency includes a set of strategies to cope

with potential disruptions [26]. Due to the importance of

this phenomenon, there have been several works in this

field in recent years. For example, Yavari and Zaker [8]

investigated the resilient SC network design problem

considering environmental issues. The authors suggested a

stochastic MOMIP for minimizing the EIs and the TCs.

They incorporated resiliency in their model by considering

different resilient strategies involving the intermediate

facility, integrating interdependent networks, keeping

emergency stock, lateral transshipment, and reserving extra

capacity. They used the LP-metric approach to obtain the

solution. Fazli-Khalaf et al. [27] offered a flexible-possi-

bilistic model to design a CLSC considering resiliency and

sustainability features under mixed uncertainty. The sug-

gested model attempted to minimize the EIs and TCs and

maximize the facilities’ operational reliability and social

impacts. The authors incorporated resiliency in the problem

by considering the reliability of the facilities. Bottani et al.

[28] developed metaheuristic algorithms to configure a

resilient food SC for maximizing profits and minimizing

delivery times. The proposed MOMIP model is solved

using ant colony optimization (ACO) algorithm. The

effectiveness of the presented model is shown through a

case study of readymade UHT tomato sauce. Hosseini-

Motlagh et al. [29] configured a resilient and sustainable

SC network for the power industry. The authors offered a

robust possibilistic model for maximizing resiliency and

social impacts and minimizing the TCs. The authors solved

the model employing the goal programming approach.

Mohammed et al. [30] proposed a mixed framework based

on the mathematical model and the fuzzy AHP method to

design a green-resilient SC network. At first, the author

calculated the weights of resiliency criteria using the fuzzy

AHP method and then designed the network by suggesting

a model. They employ the e-constraint method to solve the

research problem. Taleizadeh et al. [31] combined the

mathematical programming model and the game theory

method to design a resilient supply chain network in a

competitive environment. They defined resilience in the

problem based on disruption scenarios and surplus inven-

tory strategy. Eventually, the authors solved the problem

using a decomposition method. Mehrjerdi and Shafiee [32]

presented a model for designing a resilient SC network

considering sustainability for the tire industry. The main

goals of the offered model were minimizing the EIs and

TCs while maximizing the social impacts. At the outset,

they used the TOPSIS approach to rank the resiliency

strategies and then employed the e-constraint approach to

obtain the solution. Namdar et al. [12] developed a multi-

stage framework to configure a resilient SC network. The

authors firstly identified the resilience measures and then

calculated those scores. Afterwards, they offered a model

to configure a resilient SCN. The proposed multi-echelon,

multi-product resilient SC is studied under disruption and

operational risks. The proposed mixed possibilistic–

stochastic programming model is solved by utilizing the

branch and bound algorithm. Gurobi. Hasani et al. [33]

offered a MOMIP for configuring a green and resilient SC

network. The suggested model minimized the amount of

pollution and the TCs and maximized the network resi-

lience. They used metaheuristic algorithms to solve the

mathematical model and showed the performance of the

model and algorithms by solving several examples.

Mamashli et al. [34] proposed a MOMIP model to design a

sustainable–resilient debris SC network under mixed

uncertainty. The main aims of the proposed model are EIs,

TCs, and transportation risks minimization as well as social

impacts maximization. To tackle the hybrid uncertainty,

the fuzzy robust stochastic (FRS) optimization model was

applied. The authors solved the model by developing a
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hybrid algorithm based on the goal programming approach

and the PSO algorithm.

2.3 Responsive SC

As aforementioned, the ability of an SC to handle fluctu-

ations of demand was defined as responsiveness. Recently,

several works have been conducted in this field. For

example, Pishvaee and Rabbani [35] presented two math-

ematical models to design a responsive, multi-stage net-

work for minimizing the TCs. In one of the models, a direct

shipment was permitted. On the other side, direct shipment

was not allowed in another model. Then both of the SC

problems considered in this study are modelled by a

bipartite graph to escape the complexity of MIP mathe-

matical models. They compared the mentioned models to

examine the impact of direct transport on the responsive-

ness of the SC network. The authors also developed a

heuristic algorithm based on graph theory to solve the

proposed model. Baghalian et al. [36] offered a model to

design a resilient and responsive SC network. They

incorporated resiliency according to disruption scenarios

and defined responsiveness according to the service level.

To tackle uncertainty, the authors applied the scenario-

based RO method. Eventually, the authors solved the

problem by considering a case study in the rice industry

using an approximate method. Rabbani et al. [11] designed

a responsive SC network by offering a mathematical model

to minimize the TCs. They considered lateral transship-

ment as a responsiveness measure and solved the research

problem using a heuristic method. Azaron et al. [37] pre-

sented a multi-stage multi-objective stochastic program-

ming model to design a responsive SC network under

uncertainty. The main objectives of the proposed model

were to minimize total travel time and maximize the

responsiveness of the proposed model. In their study, the

responsiveness was defined based on the lead time of the

SC. Sabouhi et al. [38] suggested a stochastic MOMIP to

configure a responsive and resilient SC network to mini-

mize the TCs under uncertainty. To improve the resilience

of the system, the authors considered the extra production

capacities, backup suppliers, lateral transshipment, and

multiple transport routes. Hamideh et al. [39] proposed a

robust stochastic optimization model to configure a

responsive SC. The proposed model minimized the lead

time and the TCs. A robust possibilistic programming

approach is employed to tackle uncertainty in the suggested

model. It should be noted that the authors used the e-con-
straint approach to solve offered model. Nayeri et al. [40]

developed a forward supply chain considering the sus-

tainability, resiliency, and responsiveness metrics. To cope

with the hybrid uncertainty, they used the FRS. Also, they

employed the meta goal programming method to solve the

proposed MOMIP. Fattahi et al. [41] offered a stochastic

MOMIP to configure a responsive and resilient SC network

to minimize the TCs. They defined resilience in the dis-

ruption scenarios and incorporated responsiveness accord-

ing to the rate of satisfied demand over potential demand.

The proposed model is solved using GAMS.

2.4 The classification of the existing approaches

In this section, we try to classify the existing approaches. In

this regard, Table 1 categorizes the approaches of the most

related studies.

2.5 Critical appraisal of the existing approaches

According to the reviewed literature, there are many

studies which are investigated the forward and reverse SC

networks. However, some critical aspects such as green-

ness, responsiveness, and resiliency, along with consider-

ing reverse flow, have been less discussed in the previous

studies by the researchers. On the other side, at any point

within a supply chain network, uncertainty might arise.

This uncertainty might be due to man-made or natural

disasters like earthquakes, floods, etc., or business-as-usual

uncertainties such as customers’ demands, operational

costs, the capacity of facilities. Yet, mixed uncertainty as

one of the main challenges in the SC problem has been

overlooked so far.

For example, in the proposed model by Rad and

Nahavandi [15], only the aspect of greenness is incorpo-

rated in their CLSC network, while resiliency, respon-

siveness, and uncertainty, which are key factors in

designing SCs, were overlooked. Boronoos et al. [16]

developed their multi-objective MINLP model under

uncertainty considering the green factors of SC. They used

a robust flexible-possibilistic programming approach to

only tackle uncertainty caused by the business environment

and ignored the importance of uncertainties caused by

natural/man-made disasters. Moreover, by studying the

problem under mixed uncertainty, they could have devel-

oped a more practical and realistic model. In addition, in

their offered model, the significant impacts of resilience

strategies and responsiveness on SC networks have also

been neglected. In the proposed models by Zhen et al. [18]

and Yavari et al. [19], a bi-objective mathematical model

under uncertainty was suggested in which only the green-

ness aspect of SC is included. They were ignorant, like

Boronoos et al. [16] study, about the implications of not

considering mixed uncertainty, resiliency, and responsive-

ness on SC networks. Ghomi-Avili et al. [42] offered a bi-

objective model for configuring a green competitive CLSC

under uncertainty. They incorporated the concept of resi-

lience by considering disruptions, yet, by considering
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multiple resiliency strategies such as back-up suppliers and

adding extra capacity simultaneously, they could have

developed a more competitive and reliable SC network. In

their study, the significant impact of responsiveness and

mixed uncertainty was overlooked. In the proposed SC

network by Yavari and Zaker [8] and Taleizadeh et al. [31],

resiliency and green factors of SC are considered. Resi-

liency is considered in their problem by simultaneous

consideration of different resiliency strategies to tackle

unwanted disruptions. The superiority of [8] model over

[31] model is that in the [8], both forward and reverse flow

were considered, but in the proposed model by [31], only

the forward flow was considered. However, responsiveness

and mixed uncertainty, which are of high importance in SC

network design, were neglected by the authors. In the

presented model by Namdar et al. [12], only the resilience

dimension is considered. The greenness aspect, which is a

major concern due to the environmental crisis worldwide,

is not considered in their proposed model. It should be

noted that the proposed model also lacks the other crucial

factors, responsiveness and mixed uncertainty. In the pro-

posed models by Rabbani et al. [11] and Pishvaee and

Rabbani [35], only economic objectives are considered and

the authors did not consider the importance of green factors

in SCs and were negligent regarding environmental issues.

Moreover, despite the importance of resilience strategies

and mixed uncertainty, the authors also did not incorporate

these factors in their model. Fazli-Khalaf et al. [27],

Mehrjerdi and Shafiee [32], and Hasani et al. [33] con-

sidered the green factors and resilience strategies in their

proposed model. The advantage of the [27] and [33]

models over [32] is that they studied their models under

uncertainty caused by the business environment. Never-

theless, they could have enhanced their proposed model by

developing a mathematical model under mixed uncertainty

and considering the concept of responsiveness in their

presented network. In Baghalian et al. [36] study, disrup-

tion scenarios are incorporated to make the proposed model

resilient and service level is defined to include the

responsiveness concept. Their study was investigated under

demand uncertainty and used scenario-based RO methods

to tackle uncertainty. Meanwhile, they could have taken

into account multiple resilience strategies simultaneously

as well as mixed uncertainty to make the proposed model

more reliable. Also, their proposed model did not consider

the green factors of the SC network. Fattahi et al. [41] gave

a resilient and responsive SC network, in which respon-

siveness was incorporated into the problem by the rate of

met demand over total demand and resiliency in the dis-

ruption scenarios. The proposed model only considered the

economic aspect of the SC and did not include SC’s green

factors. In addition, in their proposed model, the significant

impacts of studying SC under mixed uncertainty have also

been overlooked.

Compared to the previous papers, we have incorporated

the green aspect of SC by considering the re-use of EOU

products (reverse logistics) and carbon emission mini-

mization. We incorporate the concept of resiliency in the

research problem by considering the effect of disruption

scenarios, backup suppliers, and extra capacity. Moreover,

by defining a minimum service level for the SC, the con-

cept of responsiveness is also included. Meanwhile, it can

be seen in the related literature (designing an SC network

with different features such as responsive-resilient SC) that

Table 1 Classifying the existing works

Paper The considered dimensions in the model Uncertainty modelling Solution method

Greenness Resilience Responsiveness

[16] 4 – – Robust flexible-possibilistic programming Torabi and Hassini

[18] 4 – – Scenario-based programming Lagrangian relaxation

[19] 4 – – Robust optimization Heuristic

[42] 4 4 – Fuzzy model Fuzzy programming technique

[8] 4 4 – Scenario-based programming LP-metric

[31] 4 4 – – Decomposition method

[12] – 4 – Mixed possibilistic–stochastic programming Branch and Bound algorithm

[27] 4 4 – Flexible-possibilistic model e-Constraint

[32] 4 Scenario-based programming e-Constraint

[33] 4 4 – Scenario-based programming Metaheuristic algorithms

[43] 4 4 – Robust fuzzy programming Goal programming

[41] – 4 4 Scenario-based programming GAMS

This work 4 4 4 Robust possibilistic stochastic (mixed uncertainty) Enhanced PSO
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mixed uncertainty and reverse logistics have been rarely

addressed by the researchers. In this regard, this paper

considers reverse logistics in the proposed network and

also investigates the problem under mixed uncertainty.

Additionally, since the SCN configuration is known as an

NP-Hard problem [44–46], this research develops an

enhanced particle swarm optimization algorithm to solve

the proposed model. It should be noted that since producing

and transporting the mentioned products lead to generating

greenhouse gases, the green aspect is relevant to this

product. On the other side, since the vulnerabilities of

today’s industry have been exacerbated during the recent

pandemic, the resilient concept is relevant to this product.

Eventually, since there is a dramatic increase in the

demand for MDs in the coronavirus disease, the respon-

siveness measure is relevant to this product. In general, the

main contributions of this research can be summarized as

follows:

1. As aforementioned, simultaneous consideration of

green, responsive, and resilient factors in the SC

network problem has been rarely addressed by previous

researches. Hence, this study attempts to consider

responsiveness, resiliency, and environmental issues in

the SC network problem, simultaneously.

2. The present work is the first study that configures an

integrated forward and reverse green-responsive-re-

silient SC network.

3. As shown in Table 1, capacity planning, technology

selection, and carbon policy have been rarely addressed

in the previous similar paper. In this regard, this

research incorporates the mentioned concepts in the

proposed model.

4. This paper investigates the problem under mixed

uncertainty and employs the RPS method to tackle it.

It should be noted that the mixed uncertainty has been

incorporated by considering scenario-based, fuzzy, and

fuzzy-scenario parameters.

5. This study develops an efficient algorithm (enhanced

PSO) to solve the research problem due to the NP-

hardness of the proposed model.

6. This research investigates the oxygen concentrator

device as a case study due to its crucial role in the

COVID-19 outbreak.

3 Study methodology

3.1 Problem definition

This study aims to configure a green-responsive-resilient

SC network by considering the case study of the oxygen

concentrator. The SC network that configured in this study

involves 4 echelons in the forward SC consisting of pri-

mary suppliers (PSs), backup suppliers (BSs), manufac-

turing centres (MCs), distribution centres (DCs), and

demand points (DPs); and four facilities in the reverse SC

consisting of collection centres (CCs), repairing centres

(RCs), second-hand market, and disposal centres. PSs and

BSs are responsible for providing the required raw mate-

rials. On the other side, MSs and DCs, respectively, aim at

producing and distributing the goods. The main duty of

CCs is to collect the EOL and EOU goods from the cus-

tomers. RCs are responsible for repairing the collected

products, and finally, disposal centres aim to dispose of the

waste.

The materials and products flow in the proposed SCN

are as follows. First, the required raw materials are shipped

from the suppliers to the MCs. It should be noted that if the

PS cannot provide the needed raw materials, for any rea-

son, the firm can supply the raw materials from the BS.

After producing goods in the MCs, they are shipped to DCs

for sending to DPs. In the backward flow, the returned

goods are collected and inspected by CCs. The repairable

products are sent to the RPs and then to the second-hand

market. On the other side, the unrepairable products are

sent to disposal centres. It should be noted that the RPs can

be opened with different technologies, and the RP with less

pollution has more setup cost. Figure 1 shows the con-

ceptual outline of the research problem, and Fig. 2 depicts

the designed SC network.

On the other hand, the problem is investigated under the

capacity-trade carbon emission policy. According to this

policy, each company is allowed to emit a predefined

amount of carbon. If the company emits less carbon than

the specified capacity, the extra credit can be sold in the

market. Nevertheless, if the company needs to produce

more carbon than the predefined capacity, it has to buy the

amount of carbon credit. For reading more detail about this

policy, interesting readers can see [47]. On the other side,

the main dimensions of the research problem (environ-

mental, responsiveness, and resilience) are defined as

follows:

• In this study, the environmental aspect of the SC is

incorporated by considering reverse logistics and

reducing GHG emissions (i.e. reducing greenhouse

gases). To see other studies that considered these

factors as EIs of the SC, interested readers can refer to

[21, 48–50]. On the other side, in general, since

considering more other environmental factors might

drastically increase the uncertainty of the problem, we

considered the most important environmental factors

based on our problem definition and case study.

Considering reverse logistics and minimizing carbon
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emissions are two widely considered factors in previous

similar studies (see [2, 23, 25, 27, 34, 43, 51, 52]).

• Similar to Sabouhi et al. [38], this research considers

the responsiveness dimension by defining a minimum

service level for the SC.

Fig. 1 A conceptual outline of the research problem

Fig. 2 The designed SC network
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• This paper defines the resilience dimensions in the

problem by considering disruptions scenarios (like

[8, 36, 53]), backup suppliers (like [54–56]), and extra

capacity (like [38, 57, 58]).

3.2 Assumptions

This research considers the following assumptions for

formulating the problem.

• The location of the facilities of the SC is known.

• Capacity of the facilities is limited and the problem is

investigated under capacity constraints.

• Shortage (lost sales) is allowed.

• The service level is defined on the main market (not the

second-hand market).

• The problem is studied under the carbon cap-and-trade

policy.

• The problem is investigated under mixed uncertainty.

3.3 Mathematical model

In this section, the mathematical model is provided. The

notations of the model have been presented in Supple-

mentary material.

Here, to better understand the nature of the proposed

model, we define the main features of the problem using

the verbal definition in the following. It should be noted

that such a complex model to investigate the correlation

and dependencies among green-resilient, green-responsive,

and resilient responsive factors previously developed by

researchers (see [34, 38, 51, 52, 54]). However, this study

aims at investigating green-resilient-responsive factors.

• Economic aspect:

In this research, the economic aspect is defined by

minimizing the TCs of the SC network in the first objective

function. The TCs are as follows:

Minimizeing the total costs ¼ costs of contracting to suppliers

þ costs of opening facilitiescosts of purchasing raw materials

þ production costs þ distributing costs þ shortage costs

þ collecting cost

þ repairing costs þ disposal costs þ adding extra capacity cost

þ transportation costs þ carbon - related costs

• Environmental aspect:

The environmental aspect is considered in two ways. On

the one side, the problem considers reverse logistics to re-

use the EOU products. On the other side, the model tries to

minimize total carbon emissions in the second objective

function. It should be noted that since one of the main

manufacturing (and repairing) activities of the considered

product (the oxygen concentrator device) is welding, which

leads to emitting carbon, we aim to minimize the carbon

emission in this study. The carbon emitted by the SC

network is as follows:

Minimizing the environmental impacts

¼ carbon emission due to production activities

þ carbon emission due to repairing activities

þ carbon emission due to transportation activities

• Responsiveness aspect:

This study considers responsiveness by defining a min-

imum service level value. Based on this definition, the rate

of met demand over total potential demand must be greater

than the minimum service level. The mentioned point is

calculated according to relation (2):
P

k;d;s :ADDkds
P

d;s
gDemds

� a ð1Þ

• Resilience aspect:

In this paper, to incorporate the resilience strategies, we

consider disruption scenarios (considering the disrupted

rate of facilities’ capacity in each scenario), backup sup-

plies (see variable YSBi0 and corresponding parameters),

and extra capacity for MCs (see variable ECAPjs).

Here, the mathematical model is proposed. Relation (2)

shows the first Objective Function (OF) that minimizes the

TCs. In this equation, gFSPi and gFSBPi0 are Fixed costs

(FC) of working with the primary and backup suppliers,

respectively. YSi and YSBi0 show that whether PS and BS

are selected or not. gFDCkl is the FC of establishing the

DCs, and YDkl denotes whether the DC is established or

not. gFCCcl; YCcl, gFRCtl; and YRtl have a similar definition

for CCs and RCs, respectively. PSs is the probability of

occurrence of scenarios. gHMriand gHMBri0 show the buying

cost of the raw materials, and ASMrijs and ASBMri0js rep-

resent the quantity of the purchased raw materials. fHTj and

AMDjks are the production costs and the quantity of pro-

duction, respectively. On the other side, gHDk and ADDkds,

respectively, show the distribution costs and the quantity of

the distributed products. gHK1d; SHds; gHK2g; and BBgs are

the parameters and variables related to the shortage. gHCc

and ADCdcs; respectively, represent the collection cost and

the quantity of the collected products. fHRtq;ACRcts are the
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repairing cost and the quantity of the repaired products.

gHDb is the disposal costs, and ACBcbs is the quantity of

products that should be disposed of. gHECj and ECAPjs are,

respectively, show the cost of adding the extra capacity and

the quantity of the extra capacity. fTC is the unit of trans-

portation cost and d denotes the distance between the

facilities. Finally, fcp;PCs; and SCs, respectively, show the

carbon price, the quantity of the purchased carbon credit,

and the quantity of the sold carbon credit.

MinZ1 ¼
X

i

gFSPi � YSi þ
X

i0

gFSBPi0 � YSBi0

þ
X

k;l

gFDCkl � YDkl þ
X

c;l

gFCCcl � YCcl

þ
X

t;l

gFRCtl � YRtl

þ
X

s

PSs
X

r;i;j

gHMri � ASMrijs þ
X

r;i0;j

gHMBri0 � ASBMri0js

 

þ
X

j;k

fHTj � AMDjks

þ
X

d;k

gHDk � ADDkds þ
X

d

gHK1d � SHds þ
X

g

gHK2g � BBgs

þ
X

c;d

gHCc � ADCdcs þ
X

c;t;q

fHRtq � ACRcts þ
X

b;c

gHDb � ACBcbs

þ
X

j

gHECj � ECAPjs

þ fTC
X

i;j;r

dij � ASMrijs þ
X

i0;j;r

di0j � ASBMri0js þ
X

j;k

djk � AMDjks

 

þ
X

k;d

dkd � ADDkds þ
X

d;c

ddc � ADCdcs þ
X

c;t

dct � ACRcts

þ
X

c;b

dcb � ACBcbs

þ
X

b;g

dbg � ARGtgs

!

þ fcp � PCs � fcp � SCs

!

ð2Þ

The second OF (Eq. 3) minimizes the total EIs of the SC

network, where gMei is the EIs (EI) of manufacturing

products, gReiq shows the EI of repairing products, and fTei

represents the EI of transporting products.

Min Z2 ¼
X

s

PSs
X

j;k

gMei � AMDjks þ
X

c;t;q

gReiq � ACRcts

 

þ fTei �
X

i;j;r

dij � ASMrijs þ
X

i0;j;r

di0j � ASBMri0js

 

þ
X

j;k

djk � AMDjks

þ
X

k;d

dkd � ADDkds þ
X

d;c

ddc � ADCdcs

þ
X

c;t

dct � ACRcts þ
X

c;b

dcb � ACBcbs

þ
X

b;g

dbg � ARGtgs

!!

ð3Þ

Constraint (4) is to calculate the amount of the pur-

chased raw materials. It should be noted that rrr is the

utilization rate of raw materials for manufacturing

products.
X

i

ASMrijs þ
X

i0
ASBMri0js ¼

X

k

rrr � AMDjks 8s; j; r

ð4Þ

Constraint sets (5) and (6) show capacity constraints of

the SPs and BSs. In these constraints, gSCapir and gSBCapi0r
are the capacity of the suppliers. On the other hand, ris is
the rate of disruption.
X

j

ASMrijs � 1� risð Þ � gSCapir � YSi 8i; s; r ð5Þ

X

j

ASBMri0js � gSBCapi0r � YSBi0 8i0; s; r ð6Þ

Equation (7) calculates the amount of product shipped

from MCs to DCs.
X

j

AMDjks ¼
X

d

ADDkds 8s; k ð7Þ

Relation (8) calculates the amount of product shipped to

DPs and also the amount of shortage, where gDemds is the

demand size.
X

k

ADDkds þ SHds � gDemds 8s; d ð8Þ

Constraint sets (9) and (10) show the capacity limitation

of MCs and DCs. In these constraints, gMCapj and gDCapkl
are the capacity parameters. On the other side, sjs and qks
are the rates of disruption.
X

k

AMDjks � 1� sjs
� �

� gMCapj þ ECAPjs

� �
8s; j ð9Þ

X

d

ADDkds �
X

l

1� qksð Þ � gDCapkl � YDkl 8s; k ð10Þ

The amount of returned products from DPs to CCs is

calculated by constraint (11). It should be noted that as
shows the rate of return of the product.
X

c

ADCdcs ¼
X

k

as � ADDkds 8s; d ð11Þ

The amount of goods sent from CCs to RCs is calculated

by constraint (12), where rt is the percentage of the

repairable product.
X

t

ACRcts ¼
X

d

rt � ADCdcs 8s; c ð12Þ

Constraint (13) shows the quantity of goods sent from

CCs to disposal centres.
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X

b

ACBcbs ¼
X

d

1� rtð Þ � ADCdcs 8s; c ð13Þ

Relations (14) and (15) are the capacity constraints of

CCs and RCs. In these constraints, gCCapcl and gTCaptlq are

the capacity parameters. On the other side, pcs and lts are
the rates of disruption.
X

d

ADCdcs �
X

l

1� pcsð Þ � gCCapcl � YCcl 8s; c ð14Þ

X

c

ACRcts �
X

l;q

1� ltsð Þ � gTCaptlq � YRtlq 8s; t ð15Þ

Equations (16) and (17) show the amount of product

sent from the repair centre to the second-hand market. It

should be noted that fDRgs is the demand of second-hand

market.
X

g

ARGtgs �
X

c

ACRcts 8s; t ð16Þ

X

t

ARGtgs þ BBgs � fDRgs 8s; g ð17Þ

Relation (18) shows the service level constraint, in

which a represents the service level.
P

k;d;s �ADDkds
P

d;s
gDemds

� a ð18Þ

Equation (19) is the carbon capacity-and-trade policy

constraint, where gEmCap is the allowable carbon emission

capacity.
X

j;k

gMei � AMDjks þ
X

c;t

gReiq � ACRcts

þ fTei �
X

i;j;r

dij � ASMrijs þ
X

i0;j;r

di0j � ASBMri0js þ
X

j;k

djk � AMDjks

 

þ
X

k;d

dkd � ADDkds þ
X

d;c

ddc � ADCdcs þ
X

c;t

dct � ACRcts

þ
X

c;b

dcb � ACBcbs þ
X

b;g

dbg � ARGtgs

!

þ SCs � gEmCap þ PCs 8s

ð19Þ

Constraint sets (20)–(22) ensure that each facility only

can be opened with one capacity level. Also, constraint

(23) shows that a repairing centre only can be established

with one technology.
X

l

YDkl � 1 8k ð20Þ

X

l

YCcl � 1 8c ð21Þ

X

l

YRtlq � 1 8t; q ð22Þ

X

q

YRtlq � 1 8t; l ð23Þ

Finally, the range of decision variables is shown in

constraints (24) and (25).

YSi; YSBi0 ; YDkl; YCcl; YRtlq 2 0; 1f g 8i; k; l; c; t ð24Þ

ASMrijs;ASBMri0js;AMDjks;ADDkds;ADCdcs;ACRcts;

ACBcbs;ARGtgs;

SHds;BBgs;ECAPjs;PCs; SCs � 0 8i; k; l; c; t:
ð25Þ

3.4 Uncertainty modelling

Since the business environment is faced with severe fluc-

tuations, one of the main issues in the field of SC man-

agement problem is uncertainty [25, 59, 60]. Ignoring the

uncertainty may lead to achieving unrealistic solutions

[34, 43]. Therefore, studying the research problem under

uncertainty seems to be necessary. In general, researchers

categorized the uncertainty into three main parts

[2, 61, 62]: (I) randomness, (II) epistemic, (III) deep

uncertainty. Randomness uncertainty is related to the

condition in which there are enough historical data to

estimate the distribution functions of the parameters. On

the other side, epistemic uncertainty occurs when there is a

lack of knowledge about historical data, and experts’

opinion is needed to gather the required data (usually

applying questionnaires and linguistic variables). Finally,

deep uncertainty is related to a lack of information in the

input data (interested readers refer to [2, 61] to see more

about different types of the uncertainty). There are differ-

ent methods to tackle each type of uncertainty shown in

Fig. 3. In this research, to consider the high level of

uncertainty and improve the system performance for

tackling the uncertainty, we investigate the research prob-

lem under the mixed uncertainty (based on randomness and

epistemic uncertainties). Considering this point not only

brings the studied problem closer to real-world conditions

but also leads to achieving more realistic solutions [63].

Therefore, the research problem is studied under mixed

uncertainty in the present paper.

This section briefly defines the RPS approach applied in

this study to tackle the mixed uncertainty. To better

understand, we explain this method on the following

compact model.

Min Z ¼ ~c � xþ
X

s

ps � ~f � ys

Ax� ~d

Lys � ~hs

x; ys � 0

ð26Þ
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In model (26), x and ys are borders of the variables and

occurrence probability of the scenarios; ~c, ~f , ~d; and ~hs are

fuzzy parameters with triangular distribution

(for example~c ¼ c1; c2; c3ð Þ). On the other hand, the con-

straint’s coefficients are shown by L, h, and A. The RPS

counterpart of the model (27) is written below:

Min Z ¼ c1 þ c2 þ c3

3

� �

� xþ
X

s

ps �
f 1 þ f 2 þ f 3

3

� �

:ys

þ b
X

s

ps �
f 1 þ f 2 þ f 3

3

� �

� ys
��

�
X

s0
ps0 �

f 1 þ f 2 þ f 3

3

� �

� ys0
!

þ 2hs

#

þ
X

s

u � ws

Ax� 2a� 1ð Þ � d1 þ 2� 2að Þ � d2

Lys þ ws � 2� 2#ð Þ � h3s þ 2#� 1ð Þ � h2s
f 1 þ f 2 þ f 3

3

� �

� ys �
X

s

ps �
f 1 þ f 2 þ f 3

3

� �

� ys þ hs � 0

ð27Þ

In the above model, b represents the importance

(weight) of the model robustness, d the importance

(weight) of the solution robustness, constraints satisfaction

levels are shown by a, and #. To read more about this

method, interested readers can see [43, 63, 64]. The RPS

counterpart is presented in Supplementary materials

(Section A).

4 Solution methodology

In this study, to achieve the solution, there are two chal-

lenges. First, the problem is formulated by a multi-objec-

tive model; therefore, we need a multi-objective approach

to convert the suggested model to a single one. Also,

another challenge in solving the proposed model is the NP-

hardness of the offered model. In this regard, to convert the

MOMM to a single model, we apply the LP-metric method,

which is one of the well-known methods to solve the

MOMMs. Also, since the SC network configuration is

considered as an Np-Hard problem [44–46], this research

applies metaheuristic algorithms. To do this, we employ

the simulated annealing algorithm (SA), genetic algorithm

(GA), traditional particle swarm optimization (TPSO) and

also develop an enhanced PSO (EPSO) algorithm to solve

the research problem. In this section, we briefly describe

each of mentioned algorithms and then explain the pro-

posed EPSO. It should be noted that the way of combining

the LP-metric method with the metaheuristic algorithms is

explained in Supplementary materials (Section B).

Here, we explain the main reasons for employing the

mentioned methods. The LP-metric method is a widely

used approach to solve the multi-objective models, which

has been applied in several previous studies to solve the

multi-objective problems (for example, see [48, 65–68])

and showed good performance. Also, the calculation in this

method is simple and implementation is easy. Hence, in

this study, we select this approach to convert the suggested

MOMM to a single one. On the other hand, the main reason

for applying the SA, GA, and PSO algorithms is their easy

implementation, simple concept, and quick convergence.

On the other side, many studies in the field of supply chain

applied the mentioned algorithms to solve the research

problem (for example, see [6, 21, 63, 69–71]) and achieved

the appropriate outputs that showed the good performance

of the PSO algorithm to solve the supply chain problem.

The methodology of the current study is shown in Fig. 4.

4.1 The LP-metric method

The LP-metric method is one of the widely used methods

to solve the multi-objective models, which is more per-

ceptible for executives compared to other methods, and in

many cases of using this method, such as [48, 65–68, 72],

acceptable results have been provided. In general, for the

minimization objective function, the LP-metric method can

be formulated as follows:

Ztotal ¼
w1 � ðZ1 � Zmin

1 Þ
Zmax
1 � Zmin

1

þ w2 � ðZ2 � Zmin
2 Þ

Zmax
2 � Zmin

2

ð28Þ

Fig. 3 Different types of uncertainties [2, 61]
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In the above equation, wi shows the weight of the i th

objective function (Zi). In other words, w1 is the weight of

the first objective function (OF) and w2 represents the

weight of the second OF (w1 þ w2 ¼ 1). To set the value of

these parameters, in this study, we use the experts’ opin-

ions. However, these parameters can be obtained using

some decision-making methods such as the Analytic

Hierarchy Process (AHP) and the Best–Worst Method

(BWM). Zmax
i and Zmin

i , respectively, denote the maximum

and minimum values of the ith objective function.

4.2 SA

The SA developed by Kirkpatrick et al. [73] is one of the

metaheuristic algorithms which is widely applied to solve

hard combinatorial optimization problems [72]. The SA is

a single-based metaheuristic algorithm, and the nature of

this method is based on the annealing process of solids. In

this method, first, the initial solution is created and then the

objective function of this solution is measured. Afterwards,

to improve the initial solution, a neighbourhood solution is

created by utilizing some operators.

4.2.1 Solution representation

In this study, we apply a two-stage called the random key

(RK) method. This method helps the researchers to handle

their problems with different algorithms and operators [74].

The mentioned method has phases. At the outset, a solution

is generated by random numbers and then it is converted to

a feasible discrete solution by a procedure [75]. In this

study, the solution is generated based on two sub-solutions

that are depicted in Fig. 5. In the first sub-solution, a matrix

is created by Uniform 0; 1ð Þ (see Fig. 5a). This sub-solution
is used for binary variables such as PSs, BSs, DCs, and

CCs. On the other hand, the second sub-solution (Fig. 5b)

determines the flow of materials in the SC network. Then,

the columns of the second matrix are normalized to specify

how a facility supplies its demands from another facility

(for example, how MCs purchase the raw material between

the different elected SPs). To better understand, in Fig. 5a,

suppliers 2, 4, and 5 have been selected to supply the

needed raw materials (i.e. YS2 ¼ YS4 ¼ YS5 ¼ 1). On the

other side, as can be seen in Fig. 5b, supplier 2 supplies

manufacturers 1 & 4, supplier 4 supplies manufacturer 3,

and supplier 5 supplies manufacturers 2 & 3. Regarding the

quantity of raw materials shipped from suppliers to

Fig. 4 The steps of conducting

the present research
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manufacturers, if a manufacturer has been allocated to a

supplier, this supplier should meet the demand of this

manufacturer. For example, suppose that the demand of

manufacturer 1 is equal to 100. Since manufacturer 1 is

allocated to supplier 2, this supplier sends 100-unit raw

materials to this manufacturer. Also, if the supplier could

not satisfy all demands of a manufacturer, this manufac-

turer purchases its need from other suppliers. See [74] and

[75] to read more details.

4.2.2 Creating neighbour solution

In this research, to create a neighbour solution, we have

applied a procedure that is illustrated in Fig. 6. Based on

this procedure, two columns are randomly chosen and the

elements of these columns are swapped. It should be noted

that this operator is also employed in other previous papers

such as [74] and [75].

4.3 GA

The GA algorithm is one of the methods to solve complex

optimization problems [76, 77]. In this algorithm, at the

(a)

(b)

Fig. 5 The schematic of the solution with two parts in a two-stage RK method

Fig. 6 The procedure of

creating the neighbour solution

Fig. 7 The crossover operator
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outset, a population of chromosomes is randomly generated

as solutions. Then, the fitness function is calculated for

each chromosome. Afterwards, by applying some operators

(i.e. crossover and mutation), the solutions are improved

[63]. In this research, the chromosome of the GA is exactly

similar to the solution representation of the SA algorithm.

Also, the mutation operator of the GA is the same as the

way of creating a neighbour solution in the SA. So, in this

section, we briefly describe the crossover operator.

Fig. 8 The pseudo-code of the

proposed enhanced PSO
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4.3.1 Roulette wheels to select parents

Parent selection is a process of choosing chromosomes

(parents) from the population for reproducing the next

generations. Actually, selecting individuals within the

population for mating purposes is the main goal of the

selection process. In this study, the roulette wheel selection

has been employed. In this approach, the chromosomes in

each generation are sorted based on their corresponding

fitness values. This is a widely used method to select par-

ents applied in many previous studies (see [78–82]).

4.3.2 Crossover

Crossover may be the most significant phase in a genetic

algorithm. For each pair of parents to be mated, a crossover

point is randomly chosen from within the genes. In this

research, similar to Rahimi et al. [21], we have employed

the guiding matrix to design the crossover operator. This is

a matrix with binary elements. At first, two parent are

selected using the roulette wheel method and then the

guiding matrix is formed due to the size of the parents

(solutions). Now, to create new solutions (offspring), if the

Table 2 Obtaining the ideal

solution for each objective

function

Population (swarm) number First objective function Second objective function

P1 (S1) f11 f21

P2 (S2) f12 f22

P3 (S3) f13 f23

… … …
Pn (Sn) f1n f2n

fmin f1min f2min

Fig. 9 The way of combining

the LP-metric method and the

GA
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Fig. 10 The selected product

(oxygen concentrator)
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value of the element of the guiding matrix is equal to one,

the corresponding element in the parents is changed;

otherwise, the elements remain unchanged. Figure 7

demonstrates an example of the procedure of the proposed

crossover operator. See [21] to read more about this type of

crossover operator.

4.4 TPSO

A well-known population-based algorithm is the PSO

algorithm that solves continuous optimization problems

[83–85]. This algorithm considers the solutions as a parti-

cle and the population as the swarm. In this method, the

velocity and position vectors are updated according to the

following equations.

Xi k þ 1ð Þ ¼ Xi kð Þ þ vi k þ 1ð Þ ð29Þ

vi k þ 1ð Þ ¼ w � vi kð Þ þ c1 � r1 � Pbesti � Xi kð Þð Þ þ c1 � r1
� Gbest � Xi kð Þð Þ

ð30Þ

The velocity and position vectors of particle i in itera-

tion k are defined by vi kð Þ and Xi kð Þ, respectively. The best
position of particle i is determined by pbesti, and the best

position vector in the population is determined by gbest.

The inertia weight is shown by w and acceleration coeffi-

cients are c1 and c2. Two random numbers, r1 and r2,

generated in the interval [0 1]. It should be noted that the

structure of the solution for the PSO algorithm is similar to

the SA and GA algorithms.

Fig. 11 A general schematic of current SC network of the considered case study

Table 3 Names and probability

of occurrence of scenarios
Scenario Description Probability of occurrence

pcod Pessimistic DCR and Optimistic D 0.05

mcod Most likely DCR and Optimistic D 0.15

ocod Optimistic DCR and Optimistic D 0.05

pcmd Pessimistic DCR and Most likely D 0.1

mcmd Most likely DCR and Most likely D 0.3

ocmd Optimistic DCR and Most likely D 0.1

pcpd Pessimistic DCR and Pessimistic D 0.05

mcpd Most likely DCR and Pessimistic D 0.15

ocpd Optimistic DCR and Pessimistic D 0.05
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4.5 EPSO

In this study, to improve the performance of the PSO

algorithm, we try to modify this algorithm by adding the

three following features:

1. Local search For improving the performance of the

PSO algorithm, a local search operator similar to the

mutation operator of the genetic algorithm has been

added to this algorithm.

2. Boltzmann function We have added the Boltzmann

function from the SA algorithm to the PSO algorithm

that leads to improving the exploitation of the

algorithm by randomly returning some of the solutions

with a worse OF to the algorithm’s loop.

3. Adding constriction coefficient (v) Based on Clerc and

Kennedy [86] and Poli [87], incorporating multiplier v
into the PSO algorithm can accelerate the convergence

process and enhance the overall performance of the

PSO algorithm. Considering Eq. (31), the appropriate

value of v will be calculated by Eq. (32) [78]:

c1 þ c2 [ 4 ð31Þ

v ¼ 2

C � 2þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
C2 � 4C

p ; ðC ¼ c1 þ c2Þ ð32Þ

It should mathematical proof of the above relations was

provided in Clerc and Kennedy [86]. Considering the

multiplier v, the velocity vector in relation (30) is con-

verted to relation (33) as follows [78]:

vi k þ 1ð Þ ¼ v � w:vi kð Þ þ c1 � r1ð
� Pbesti � Xi kð Þð Þ þ c1 � r1 � Gbest � Xi kð Þð ÞÞ

ð33Þ

The pseudo-code of the proposed enhanced PSO is

depicted in Fig. 8.

4.6 Combining the LP-metric method
and metaheuristic algorithms

As mentioned, this research attempts to employ the com-

bination of the LP-metric method and metaheuristic algo-

rithms to solve the suggested multi-objective model. In this

section, we provide some explanations in this regard. At

the outset, the values of the ideal solutions are calculated

according to the manner provided in Table 2. For this

purpose, for each population (swarm), the values of both

Table 4 Values of the scenario-based parameters

Scenario name DCRs (ris; sjs;qks;pcs; lts) gDemds
fDRgs

h 1ð Þ h 2ð Þ h 3ð Þ h 1ð Þ h 2ð Þ h 3ð Þ

pcod 0.35 U[500 750] U[750 1000] U[1000 1250] U[200 250] U[250 300] U[300 350]

mcod 0.2 U[500 750] U[750 1000] U[1000 1250] U[200 250] U[250 300] U[300 350]

ocod 0.05 U[500 750] U[750 1000] U[1000 1250] U[200 250] U[250 300] U[300 350]

pcmd 0.35 U[450 600] U[600 750] U[750 900] U[120 200] U[200 280] U[280 350]

mcmd 0.2 U[450 600] U[600 750] U[750 900] U[120 200] U[200 280] U[280 350]

ocmd 0.05 U[450 600] U[600 750] U[750 900] U[120 200] U[200 280] U[280 350]

pcpd 0.35 U[300 400] U[400 500] U[500 600] U[80 120] U[120 160] U[160 200]

mcpd 0.2 U[300 400] U[400 500] U[500 600] U[80 120] U[120 160] U[160 200]

ocpd 0.05 U[300 400] U[400 500] U[500 600] U[80 120] U[120 160] U[160 200]

Table 5 The level of the parameters for Taguchi experiments

Algorithm Parameter Level

1 2 3

GA MaxIt 300 350 400

Npop 55 65 75

Pc 0.6 0.7 0.8

Pm 0.1 0.2 0.3

SA MaxIt 300 350 400

T 35 40 45

Alpha 0.9 0.95 0.99

TPSO MaxIt 300 350 400

Swam� Size 55 65 75

c1 2 2.1 2.2

c2 2 2.1 2.2

EPSO MaxIt 300 350 400

Swam� Size 55 65 75

c1 2 2.1 2.2

c2 2 2.1 2.2

T 35 40 45

Alpha 0.9 0.95 0.99
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OFs are measured. In this part, f1i and f2i, respectively,

denote the value of the first and second OFs. Afterwards,

the ideal solution, which is the best value of each OF in a

population (swarm), is applied to GA and PSO algorithms

as the fitness value obtained by the LP-metric method. To

better understand, see Fig. 9, which depicts the chart of the

hybrid LP-GA algorithm. It should be noted that the same

way is applied to the SA algorithm but by considering a

single solution rather than a population.

5 Case study

In this section, the case study, parameters setting, the

obtained results from solving the model, and sensitivity

analysis are presented.

According to World Health Organization (WHO) report,

MDs are known as one of the most important parts of the

healthcare system. The critical role of MDs in ensuring the

quality of life across the world is completely shown in the

recent pandemic (COVID-19). The literature showed that

the supply chain of these goods has been rarely addressed

by the researchers. In this research, we have attempted to

investigate a case study to show the efficiency of the

offered model and the performance of the developed

algorithms. In this regard, given the crucial role of MDs,

especially in the Coronavirus disease, this study selected

the MDs industry as a case study (a company located in

Mazandaran province, Iran). One of the devices that its

demand increases during Coronavirus disease, is oxygen

concentrators. The oxygen concentrator is one of the

widely used MDs that provide the oxygen needed by

patients (patients with low oxygen levels) by constantly

concentrating ambient air into pure oxygen. The selected

product and its component are shown in Fig. 10.

Increasing environmental concerns, some government

regulations, and international obligations require this

company to incorporate green factors in its SC network. On

the other side, this firm is interested in increasing the

resiliency and responsiveness of its SC network to obtain a

competitive advantage and increase its market share.

Hence, we have tried to design a responsive-resilient SC

network considering environmental issues for this com-

pany. Figure 11 illustrates a general schematic from the

location of MCs and customers of this firm. The way of

generating scenarios and data on the scenario-based

parameters is given in Tables 3 and 4. Because of the space

limitation, the related data (scenarios and values of the

Fig. 12 The S=N ratio charts for the proposed algorithms
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parameters) are given in Supplementary Materials

(Section C).

In this research, we define three main scenarios (pes-

simistic, most likely, and optimistic) and then consider the

combination of these scenarios in order to generate values

of the Demands (D) and Disrupted Capacity Rate (DCR)

parameters. The combination of scenarios is given in

Table 3. Accordingly, the values of demand and DCR

parameters are presented in Table 4.

5.1 Parameters setting

In this section, the parameters of the proposed algorithms

are tuned. To do this, we have applied the Taguchi method

as one of the widely used approaches to setting the

parameters of the metaheuristic algorithms. Due to the

limitation of the space, we do not describe this method, and

the interested readers can see [78, 88–90] for more study.

Table 5 shows the algorithms’ parameters and their level

for conducting Taguchi experiments. It should be noted

that we selected some candidate values for parameters

based on the literature (e.g. [1–4]) and then chosen three

ones according to trial and error. Also, Fig. 12 illustrates

the signal-to-noise (S=N) ratio chart for each algorithm. It

should be noted that, in the Taguchi method, the highest

level of S=N ratio shows the best level of the parameter.

For example, according to Fig. 12, for the LP-SA algo-

rithm, the best value for the T parameter is the third level.

5.2 Results and discussion

To solve the research problem by the algorithms, we have

designed 15 small-sized instances and 15 large-sized

instances. The obtained results for the small-sized instances

are reported in Table 6. To examine the performance of the

developed algorithms, we consider two measures: (1) the

quality of solutions and (2) CPU time. It should be noted

that CPU time is one of the critical metrics to compare the

performance of the metaheuristic algorithms, which have

been widely used in previous studies (see

[21, 48, 63, 68, 88, 91, 92]). Since in small-sized instances,

the global optimal solution is available, we apply the per-

centage relative error (PRE) to assess the quality of the

obtained solutions. This measure is calculated based on the

following relation.

PRE ¼ Asol � Esol

Esol

� 100 ð34Þ

where Asol shows the solution obtained by the algorithm

and Esol denotes the solution obtained by the exact method.

It should be noted that we run each test problem 10 times

and report the best solution obtained by the algorithms in

Table 6. It should be noted that the algorithms are imple-

mented in the MATLAB 16.0 software on an Intel CORE

i5 2.67 GHz PC with RAM 8. As shown in Table 6, the

developed algorithms can achieve high-quality solutions in

better CPU time than the exact method. In solutions’

quality criteria, the developed LP-EPSO has the best per-

formance among algorithms with the average PRE

Fig. 13 The performance of the algorithms based on the CPU time metric
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(PRE ¼ PRE1þPRE2
2

) equal to 1.24. On the other hand, the

LP-SA algorithm has better performance than the other

algorithms according to CPU time criteria. To better

understand, Figs. 13 and 14 illustrate the performance of

the developed algorithms in terms of CPU time and solu-

tions’ quality. It should be noted that although we have

solved the research problem using Eq. (28), the value of

each OF (Z1 and Z2) can easily obtain from the software.

In this regard, we defined two variables (e.g. ZZ1 and

ZZ2), in which ZZ1 is equal to the formulation of the first

OF and ZZ2 is equal to the formulation of the second OF.

After solving the problem with objective function Z

(Eq. 28), the software calculates the values of the two

mentioned variables. So, the value of ZZ1 is equal to the

final value for the first OF and the value of ZZ2

demonstrates the final value for the second OF. It should be

noted that to achieve Z�
i (PIS = Positive Ideal Solution),

the problem is solved only with ith objective function and

the obtained result is equal to Z�
i . Indeed, in Table 6, Z�

1 is

the positive ideal solution for the first OF and Z1 shows the

obtained value for the first OF in the LP-metric method,

which may have a distance from the PIS because in the LP-

metric model, both OFs are considered. On the other side,

Z�
2 represents the PIS for the second OF, but Z2 denotes the

value of the second OF achieved by the LP-metric

approach.

Also, the outputs for the large-sized instances are given

in Table 7. In this section, since the exact method could not

solve the problems in a reasonable time, the global optimal

solution is not available. Hence, we use the relative

(a) (b)

(c) (d)

Fig. 14 Comparing the algorithms based on the PRE metric
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percentage deviation (RPD) measure to compare the per-

formance of the algorithms in terms of solutions’ quality.

The RPD is measured based on the following equation.

RPD ¼ Asol � Bsol

Bsol

� 100 ð35Þ

where Bsol represents the best solution among all of the

algorithms. As shown in Table 7, the LP-EPSO method has

the best performance according to the RPD metric (solu-

tions’ quality) and the LP-SA algorithm has the best per-

formance according to the CPU time metric. Figure 15

compares the developed algorithms according to the CPU

time metric. On the other side, to validate the obtained

results, the means plot and least significant difference

(LSD) interval (at 95% confidence level) for the RPD ¼
RPD1 þ RPD2

2
value is conducted and depicted in Fig. 16.

According to this figure, the LP-EPSO algorithm signifi-

cantly has a better performance based on the solutions’

quality metric.

5.3 Discussing the performance
of the algorithms

In this section, a discussion about the performance of the

metaheuristic algorithms is provided. According to the

achieved results, in both small-sized and large-sized test

problems, based on the solutions quality metric (i.e. PRE

and RPD), the proposed EPSO has the best performance

among all algorithms. To better understand, Table 8 and

Fig. 17 compare the average value of the PRE metric for

the employed algorithms. The main reason that leads to the

proposed EPSO outperforming the other algorithms is that

this algorithm has advantages over all of them, concur-

rently. In this regard, adding the local search operator,

Boltzmann function, and constriction coefficient have led

to significant improvement in exploration and exploitation

processes in the proposed EPSO. In other words, by

employing the local search and the Boltzmann function, we

get rid of some drawbacks of the TPSO algorithm, such as

weakness in exploring new solutions (i.e. improving the

current solutions to better ones), which leads to a signifi-

cant improvement in the performance of this algorithm. On

the other side, using the constriction coefficient has a sig-

nificant positive effect on the algorithm’s better conver-

gence and performance.

5.4 Sensitivity analysis

5.4.1 Demand

In order to investigate the behaviour of the proposed model

according to demand changes, the problem has been solved
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under different values for the demand parameter and the

results are reported in Fig. 18. According to the obtained

results, as the demand size increases, the first OF increases,

too. In this regard, the establishment cost is increased due

to needing to open more facilities to perform SC’s activi-

ties. On the other side, an enhancement in the demand size

results in enhancing the production, transportation, and

distribution activities that lead to increasing these costs (as

shown in Fig. 18a). When the demand has increased, the

firm has to buy carbon credit, which is the main reason for

increasing the other costs in the following chart. On the

other side, Fig. 18b indicates that when the demand size

increases, the carbon emission also increases.

5.4.2 Interaction between the responsiveness and EIs

This part examines the interrelationships between the

responsiveness and environmental criteria. To this end, the

Fig. 15 The performance of the algorithms based on the CPU time metric

Fig. 16 LSD intervals for

algorithms based on the RPD

metric
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presented model is solved with various values for the ser-

vice level (SL) and the outputs are demonstrated in Fig. 19.

Based on this figure, by enhancing the SL, both the TCs

and the EIs have increased. The reason is that by enhancing

the SL, the number of established facilities and the pro-

duction/transportation activities of the SC have increased,

which results in increasing the carbon emissions and the

TCs. In this regard, when the service level shifts from 0.86

to 0.98, total cost and EIs have increased by 41% and 10%,

respectively.

5.4.3 Interaction between the resilience and EIs

This section is devoted to examining the interaction of

resilience and environmental measures. To this end, five

different modes have been considered for the disrupted

capacity parameters (ris; sjs; qks; and pcs) in which the

values of the mentioned parameters are increased by

shifting from mode 1 to mode 5. Figure 20 depicts the

results of conducting sensitivity analysis. As shown in

Fig. 20, by increasing the rate of disruption, the values of

the first and second OFs have nonlinearly increased. An

increase in the disrupted capacity parameters has led to a

17% enhancement in the TCs and a 7% enhancement in

emissions.

5.4.4 Sensitivity analysis on EmCap

This section attempts to investigate the impact of the car-

bon cap-and-trade policy on the problem. Based on Fig. 21,

an increase in the EmCap parameter results in decreasing

the TCs and increasing the carbon emissions. In this regard,

by increasing EmCap from -50% to its base case, carbon

emissions are increased by 7%; however, the TC has

decreased by 19%. On the other side, by increasing EmCap

from the base case to the ? 30%, the TC has reduced by

9%, but carbon emissions have increased by 3%.

Table 8 Comparing the average value of PRE

Algorithm PRE

PRESmall�sized RPDLarge�sized

LP-SA 2.153 2.99

LP-GA 1.780 2.643

LP-TPSO 2.294 3.08

LP-EPSO 1.435 0

Fig. 17 Comparing the

employed algorithm based on

the RPD and PRE metrics

Neural Computing and Applications

123



5.4.5 Penalty cost coefficient

In this section, the RPS model has been solved with various

values for the RPS penalty cost coefficient (u), and the

achieved results are illustrated in Fig. 22. According to this

figure, an increase in parameter u leads to reducing the

expected penalty cost; however, it leads to enhancing the

expected TCs. According to [64], this behaviour shows the

good performance of the RPS model. It is worthy to note

that increasing the OF is defined as a robustness price,

which is known as the cost of considering uncertainty in

the problem.

(a)

(b)

Fig. 18 The sensitivity analysis on the demand
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Fig. 19 Interaction between the responsiveness and greenness metrics

Fig. 20 Interaction between the resilience and greenness metrics
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Fig. 21 The outputs of the sensitivity analysis on EmCap

Fig. 22 Sensitivity analysis of parameter u
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5.4.6 Comparing the performance of the RPS model
with the deterministic one

In this section, we generate seven test problems and solve

them under uncertain and deterministic conditions. Table 9

compares the obtained results. It should be noted that two

metrics [the average and the standard deviation (SD)] have

been defined to compare the achieved results. In this

regard, the model with the less average and SD has better

performance. As shown in Table 9, the RPS model has

been solved with the various values for the satisfaction

level. The outputs demonstrate that the RPS model with

a ¼ 0:8 and 0:9 has outperformed the deterministic model

due to its lower average and SD. However, the perfor-

mance of the deterministic model is better than RPS with

a ¼ 0:7.

5.5 Managerial implications

The main managerial implications of this study are pre-

sented in this section. In general, this study has studied the

design of a green-responsive-resilient SC network under

mixed uncertainty. This work provides the following

managerial insights.

• The current study can help the decision-makers to better

understand the concepts of greenness, responsiveness,

and resiliency in SC management. In other words, this

research can help managers to gain a good perspective

regarding the impact of the environmental, responsive-

ness, and resilience aspects.

• Since the present work deals with the mixed uncer-

tainty, it can help managers of SC to cope with this

major issue (i.e. uncertainty) in their SCs.

• According to Fig. 18a, the TCs have increased by

increasing the demand sizes. The model exhibits this

behaviour because of the enhancement of the shortage

costs due to increasing the demand sizes. To cope with

the mentioned issue, strategies like outsourcing and

subcontracting can help the system to manage the SC

capacity and reduce the TCs.

• According to Fig. 18b, by enhancing the amount of

demand, the EIs have increased. To cope with this

challenge, utilizing the manufacturing technologies and

transportation fleet with lower pollution can be a useful

strategy.

• As shown in Fig. 20, the percentage of disrupted

capacity has drastically effect on the costs and

environmental measures of the SC. Hence, to prevent

this adverse effect, leaders of the SC can adopt some

strategies such as sub-contracting and establishing more

reliable facilities.

• Based on Fig. 21, an increase in the carbon cap

parameter has a significant impact on decreasing the

TCs. Hence, increasing the bargaining power of the

firms to gain more capacity for carbon emissions from

corresponding organizations can be dramatically useful.

6 Conclusions

The present work aimed to design an SC network for the

oxygen concentrator considering three important factors,

namely EIs, resiliency, and responsiveness. In this way, a

multi-objective RPS model was suggested, and then an

efficient solution method was developed. The obtained

results demonstrated the efficiency and validity of the

proposed model and developed algorithm. Also, sensitivity

analyses have been conducted to show the behaviour of the

proposed model due to changing the critical parameters.

Since the main scope of the current work is to design an SC

under uncertainty, future studies can add other crucial

factors in the SC management field such as the social

impacts, globalization, and agility in the current problem.

On the other side, in terms of contributing to the solution

Table 9 The results of solving the research problem in different modes

Deterministic RPS (satisfaction level = 0.7) RPS (satisfaction level = 0.8) RPS (satisfaction level = 0.9)

1 1,210,139.00 1,258,101.00 1,183,090.00 1,177,437.00

2 1,216,114.00 1,339,400.00 1,249,827.00 1,245,075.00

3 1,189,411.00 1,232,221.00 1,223,868.00 1,231,369.00

4 1,209,948.00 1,257,974.00 1,189,260.00 1,172,462.00

5 1,186,096.00 1,249,823.00 1,261,793.00 1,186,568.00

6 1,344,359.00 1,295,143.00 1,212,061.00 1,214,378.00

7 1,370,741.00 1,212,491.00 1,259,885.00 1,232,417.00

Mean 1,246,686.86 1,263,593.29 1,225,683.4 1,208,529.43

SD 71,215.21 38,893.75 30,204.76 27,286.70
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methodology, developing exact methods such as Benders’

decomposition to solve the research problem and compar-

ing the results with this study is another direction for future

research.

Supplementary Information The online version contains supple-

mentary material available at https://doi.org/10.1007/s00521-022-

07739-8.

References

1. Fallahpour A, Kazemi N, Molani M et al (2018) An intelligence-

based model for supplier selection integrating data envelopment

analysis and support vector machine. Iran J Manag Stud

11:209–241

2. Nayeri S, Paydar MM, Asadi-Gangraj E, Emami S (2020) Multi-

objective fuzzy robust optimization approach to sustainable

closed-loop supply chain network design. Comput Ind Eng

148:106716

3. Samadi A, Mehranfar N, Fathollahi Fard AM, Hajiaghaei-Kesh-

teli M (2018) Heuristic-based metaheuristics to address a sus-

tainable supply chain network design problem. J Ind Prod Eng

35:102–117

4. Tirkolaee EB, Mardani A, Dashtian Z et al (2020) A novel hybrid

method using fuzzy decision making and multi-objective pro-

gramming for sustainable-reliable supplier selection in two-ech-

elon supply chain design. J Clean Prod 250:119517

5. Mardani A, Kannan D, Hooker RE et al (2020) Evaluation of

green and sustainable supply chain management using structural

equation modelling: a systematic review of the state of the art

literature and recommendations for future research. J Clean Prod

249:119383

6. Fathollahi-Fard AM, Govindan K, Hajiaghaei-Keshteli M,

Ahmadi A (2019) A green home health care supply chain: new

modified simulated annealing algorithms. J Clean Prod

240:118200

7. Jamali A, Ranjbar A, Heydari J, Nayeri S (2021) A multi-ob-

jective stochastic programming model to configure a sustainable

humanitarian logistics considering deprivation cost and patient

severity. Ann Oper Res. https://doi.org/10.1007/s10479-021-

04014-2

8. Yavari M, Zaker H (2020) Designing a resilient-green closed

loop supply chain network for perishable products by considering

disruption in both supply chain and power networks. Comput

Chem Eng 134:106680

9. Tosarkani BM, Amin SH (2019) An environmental optimization

model to configure a hybrid forward and reverse supply chain

network under uncertainty. Comput Chem Eng 121:540–555

10. Mamashli Z, Javadian N (2020) Sustainable design modifications

municipal solid waste management network and better opti-

mization for risk reduction analyses. J Clean Prod. https://doi.org/

10.1016/j.jclepro.2020.123824

11. Rabbani M, Sabbaghnia A, Mobini M, Razmi J (2018) A graph

theory-based algorithm for a multi-echelon multi-period respon-

sive supply chain network design with lateral-transshipments.

Oper Res 20(4):1–21

12. Namdar J, Torabi SA, Sahebjamnia N, Nilkanth Pradhan N

(2020) Business continuity-inspired resilient supply chain net-

work design. Int J Prod Res 59(5):1–37

13. Ramezankhani MJ, Torabi SA, Vahidi F (2018) Supply chain

performance measurement and evaluation: a mixed sustainability

and resilience approach. Comput Ind Eng 126:531–548

14. Nezhadroshan AM, Fathollahi-Fard AM, Hajiaghaei-Keshteli M

(2020) A scenario-based possibilistic-stochastic programming

approach to address resilient humanitarian logistics considering

travel time and resilience levels of facilities. Int J Syst Sci Oper

Logist 8(4):1–27

15. Rad RS, Nahavandi N (2018) A novel multi-objective opti-

mization model for integrated problem of green closed loop

supply chain network design and quantity discount. J Clean Prod

196:1549–1565

16. Boronoos M, Mousazadeh M, Torabi SA (2020) A robust mixed

flexible-possibilistic programming approach for multi-objective

closed-loop green supply chain network design. Environ Dev

Sustain 23(3):1–28

17. Torabi SA, Hassini E (2008) An interactive possibilistic pro-

gramming approach for multiple objective supply chain master

planning. Fuzzy Sets Syst 159:193–214. https://doi.org/10.1016/j.

fss.2007.08.010

18. Zhen L, Huang L, Wang W (2019) Green and sustainable closed-

loop supply chain network design under uncertainty. J Clean Prod

227:1195–1209

19. Yavari M, Geraeli M (2019) Heuristic method for robust opti-

mization model for green closed-loop supply chain network

design of perishable goods. J Clean Prod 226:282–305

20. Mardan E, Govindan K, Mina H, Gholami-Zanjani SM (2019) An

accelerated benders decomposition algorithm for a bi-objective

green closed loop supply chain network design problem. J Clean

Prod 235:1499–1514

21. Rahimi M, Fazlollahtabar H (2018) Optimization of a closed loop

green supply chain using particle swarm and genetic algorithms.

Jordan J Mech Ind Eng 12:77–91

22. Yu Z, Khan SAR (2021) Green supply chain network optimiza-

tion under random and fuzzy environment. Int J Fuzzy Syst

24(2):1–12

23. Gholizadeh H, Fazlollahtabar H (2020) Robust optimization and

modified genetic algorithm for a closed loop green supply chain

under uncertainty: case study in melting industry. Comput Ind

Eng 147:106653

24. Sherif SU, Asokan P, Sasikumar P et al (2021) Integrated opti-

mization of transportation, inventory and vehicle routing with

simultaneous pickup and delivery in two-echelon green supply

chain network. J Clean Prod 287:125434

25. Homayouni Z, Pishvaee MS, Jahani H, Ivanov D (2021) A

robust-heuristic optimization approach to a green supply chain

design with consideration of assorted vehicle types and carbon

policies under uncertainty. Ann Oper Res. https://doi.org/10.

1007/s10479-021-03985-6

26. Rajesh R (2020) Network design for resilience in supply chains

using novel crazy elitist TLBO. Neural Comput Appl

32:7421–7437

27. Fazli-Khalaf M, Naderi B, Mohammadi M, Pishvaee MS (2020)

The design of a resilient and sustainable maximal covering

closed-loop supply chain network under hybrid uncertainties: a

case study in tire industry. Environ Dev Sustain 1–25

28. Bottani E, Murino T, Schiavo M, Akkerman R (2019) Resilient

food supply chain design: modelling framework and meta-

heuristic solution approach. Comput Ind Eng 135:177–198

29. Hosseini-Motlagh S-M, Samani MRG, Shahbazbegian V (2020)

Innovative strategy to design a mixed resilient-sustainable elec-

tricity supply chain network under uncertainty. Appl Energy

280:115921

30. Mohammed A, Harris I, Soroka A, Nujoom R (2019) A hybrid

MCDM-fuzzy multi-objective programming approach for a

Neural Computing and Applications

123

https://doi.org/10.1007/s00521-022-07739-8
https://doi.org/10.1007/s00521-022-07739-8
https://doi.org/10.1007/s10479-021-04014-2
https://doi.org/10.1007/s10479-021-04014-2
https://doi.org/10.1016/j.jclepro.2020.123824
https://doi.org/10.1016/j.jclepro.2020.123824
https://doi.org/10.1016/j.fss.2007.08.010
https://doi.org/10.1016/j.fss.2007.08.010
https://doi.org/10.1007/s10479-021-03985-6
https://doi.org/10.1007/s10479-021-03985-6


G-resilient supply chain network design. Comput Ind Eng

127:297–312

31. Taleizadeh AA, Ghavamifar A, Khosrojerdi A (2020) Resilient

network design of two supply chains under price competition:

game theoretic and decomposition algorithm approach. Oper Res.

https://doi.org/10.1007/s12351-020-00565-7

32. Mehrjerdi YZ, Shafiee M (2020) A Resilient and sustainable

closed-loop supply chain using multiple sourcing and information

sharing strategies. J Clean Prod 289:125141

33. Hasani A, Mokhtari H, Fattahi M (2021) A multi-objective

optimization approach for green and resilient supply chain net-

work design: a real-life case study. J Clean Prod 278:123199

34. Mamashli Z, Nayeri S, Tavakkoli-Moghaddam R et al (2021)

Designing a sustainable–resilient disaster waste management

system under hybrid uncertainty: a case study. Eng Appl Artif

Intell 106:104459

35. Pishvaee MS, Rabbani M (2011) A graph theoretic-based

heuristic algorithm for responsive supply chain network design

with direct and indirect shipment. Adv Eng Softw 42:57–63

36. Baghalian A, Rezapour S, Farahani RZ (2013) Robust supply

chain network design with service level against disruptions and

demand uncertainties: a real-life case. Eur J Oper Res

227:199–215

37. Azaron A, Venkatadri U, Doost AF (2019) Designing prof-

itable and responsive supply chains under uncertainty. IFAC-

PapersOnLine 52:2816–2820

38. Sabouhi F, Jabalameli MS, Jabbarzadeh A, Fahimnia B (2020) A

multi-cut L-shaped method for resilient and responsive supply

chain network design. Int J Prod Res 24:7353–7381

39. Hamidieh A, Naderi B, Mohammadi M, Fazli-Khalaf M (2017) A

robust possibilistic programming model for a responsive closed

loop supply chain network design. Cogent Math 4:1329886

40. Nayeri S, Torabi SA, Tavakoli M, Sazvar Z (2021) A multi-

objective fuzzy robust stochastic model for designing a sustain-

able-resilient-responsive supply chain network. J Clean Prod

311:127691

41. Fattahi M, Govindan K, Keyvanshokooh E (2017) Responsive

and resilient supply chain network design under operational and

disruption risks with delivery lead-time sensitive customers.

Transp Res Part E Logist Transp Rev 101:176–200

42. Ghomi-Avili M, Naeini SGJ, Tavakkoli-Moghaddam R, Jab-

barzadeh A (2018) A fuzzy pricing model for a green competitive

closed-loop supply chain network design in the presence of dis-

ruptions. J Clean Prod 188:425–442

43. Gholizadeh H, Fazlollahtabar H, Khalilzadeh M (2020) A robust

fuzzy stochastic programming for sustainable procurement and

logistics under hybrid uncertainty using big data. J Clean Prod

258:120640
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