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Abstract

The importance of social responsibility of corporate and business units is increasingly emphasized by researchers and practitioners
in recent years. Since supply chains play important roles in today’s business environment, the issue of social responsibility should
be considered carefully when designing and planning of supply chains to move towards sustainability. This paper addresses the
problem of socially responsible supply chain network design under uncertain conditions. To this aim, first a bi-objective mathematical
programming model is developed wherein its objective functions include minimizing the total cost and maximizing the supply
chain social responsibility. Then, for coping with uncertain parameters effectively, a novel possibilistic programming approach,
called robust possibilistic programming (RPP), is proposed. Several varieties of RPP models are developed and their differences,
weaknesses, strengths and the most suitable conditions for being used are discussed. A real industrial case study is provided to
illustrate the performance and applicability of the proposed RPP models in practice.
© 2012 Elsevier B.V. All rights reserved.

Keywords: Fuzzy mathematical programming; Robust possibilistic programming; Necessity measure; Corporate social responsibility; Supply
chain network design

1. Introduction

Corporate social responsibility (CSR) has become an attractive research line with considerable practical value in
recent years. Nowadays, the necessity and importance of CSR makes the managers and planners to highlight CSR
elements in corporate missions, visions, values and strategies [1]. CSR is translated as the impact of corporate activities
on different social groups (or stakeholders), including environment protection, human right, work place safety, proper
conditions for employees, etc. [2]. Since the CSR tries to integrate the social and economical aspects to create more
value for the whole society [3,4], it plays significant role in the sustainable development of countries. Additionally,
in the view of firms’ managers, CSR can enhance the brand and social image of corporate besides reducing risks.
On the other hand, ignoring of CSR may bring high pressures on corporate from media, activists, non-governmental
organizations, professional unions and other groups of society. These pressures affect the profitably and sustainability
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of corporate activities. For example, popular corporations such as McDonalds, Shell and Wal-Mart have experienced
damages to their reputation and sales resulted from media reports and campaigns by advocacy and social groups [1,5].
To make a socially responsible corporate, it is not sufficient to only control the level of social responsibility (SR) within
the boundary of corporation’s ownership, rather the level of SR should be also assured at other partners within the
supply chain network [6].

Despite the importance of supply chain social responsibility, the relevant literature is not wide. As primary works
in this area, Carter and Jennings [2,7] put significant step forward in incorporating the concept of CSR into the supply
chain management (SCM) context. Cruz [6,8] and Cruz and Wakolbinger [1] study and analyze the impacts of social
responsibility on the supply chain and the behavior of manufacturers, retailers and customers under different condi-
tions. Regarding the supply chain network design (SCND) problem, as the most important strategic problem in SCM,
the SR literature is fully insufficient and incomplete such that it only covers the environmental problems and other
social problems are often neglected. A number of research works in this context are devoted to end-of-life product
management resulting the reverse SCND (e.g., [9–11]) and closed-loop SCND (e.g., [12–14]) problems, while some
others focus on reducing the environmental burden of supply chain that results in green or environmental SCND problem
(e.g., [15,16]). To address the above-mentioned gap in the SCND literature, this research tackles the socially
responsible SCND problem. In addition, since the parameters of such a problem is tainted with high degree of un-
certainty (see [17]), especially when social factors are involved [18], the uncertainty of input data is also taken into
account.

This paper includes two important theoretical and practical contributions. From the practical point of view, this paper
proposes a bi-objective mathematical model that accounts for both economical and social objectives when designing
of supply chain network to move towards a socially responsible supply chain. Regarding the theoretical aspect, for
dealing with the issue of uncertainty in such a network design problem that plays an important role in both economical
and social performance of supply chain, this paper introduces a novel approach in possibilistic programming, named
robust possibilistic programming (RPP), that has significant advantages when compared to the previously developed
approaches (see Section 3). Several types of RPP models are developed and their differences, weaknesses, strengths
and the most suitable conditions for being used are discussed.

The rest of this paper is organized as follows. The concerned supply chain network design problem, inspired by an
industrial case study, is described and formulated in Section 2. Section 3 elaborates the proposed robust possibilistic
programming models. Additionally, a concise review on robust programming, a clear and comprehensive definition of
robust solution as well as a useful classification of robust programming approaches is provided in this section. The
proposed RPP models are implemented for supply chain of case study and the corresponding results as well as some
managerial implications are reported in Section 4. Finally, Section 5 concludes this paper and offers some possible
future researches.

2. Problem description and formulation

Inspired by an industrial case, here a three layer supply chain network including multiple production centers, dis-
tribution centers and customer zones is taken into account. The produced products at different plants (production
centers) are delivered to customers through one or more distribution centers in a divergent supply chain. The location
of customers are fixed and predefined and their demands should be fully satisfied. There are various candidate sites
for installing capacitated production and distribution centers for which the locations and numbers of these facilities
should be determined along with the material flow between the selected facilities. The other assumptions made for the
problem formulation are as follows:

• Products are moved within the network by a pull mechanism.
• Multiple sourcing is allowed while satisfying the demand of each customer.
• Different production technologies are available while establishing a plant. Therefore, the production technology

selection at each established production site is another decision that should be made.
• A single product is produced and distributed through the network.

To move towards corporate social responsibility, the configuration of concerned supply chain network should be
optimized through making a sensible trade-off between the total costs and the supply chain social responsibility.
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Therefore, minimizing the total costs and maximizing the supply chain social responsibility are chosen as the problem’s
objectives.

2.1. Social responsibility measures

Generally, it is very difficult to measure SR because of the extensive scope and complex nature of social and
environmental issues. Thus, it can be said that SR is a fully multidisciplinary and multi-stakeholder issue and it
is somehow impossible to measure all aspects of SR. However, according to importance and growth of CSR con-
cept in business area, a number of standards such as ISO 26000 [19], SA8000 [20] and AA1000 [21] have been
developed to support the planning and implementing of CSR in firms and corporations. To achieve a standard frame-
work, the International Standard Organization (ISO) formed a balanced, multi-stakeholder research group on SR
for developing the “International Guidance Standard on Social Responsibility-ISO 26000” [22]. Several years later,
in 2010, the findings of this group were integrated and published as the final draft of ISO 26000 [19]. ISO 26000
classifies the SR issues into seven groups (core subjects): (1) organizational governance, (2) human rights, (3) labor
practices, (4) the environment, (5) fair operating practices, (6) consumer issues, (7) community involvement and
development.

In this research, an effort has been put on selecting those SR measures which are most relevant to the SCND decisions,
i.e., those social measures that are mainly influenced by the decisions made in a SCND problem. Besides, it is more
valuable and applicable to define such social measures that can be simply quantified and used in the mathematical
model. To this aim, we have first identified the main stakeholders of the considered supply chain. As it is mentioned
in ISO 26000 [19], identification of stakeholders is fundamental to social responsibility. Secondly, according to the
interests of each stakeholder, the social impact of the supply chain is determined. Finally, a quantitative measure is
introduced for each social impact. For the concerned supply chain, Table 1 shows the main stakeholders; their social
impacts and relevant quantitative measures. Also, the last column of Table 1 represents the corresponding core subject
in the ISO 26000.

Accordingly, four relevant social measures including (1) the number of potentially hazardous products, (2) the num-
ber of lost days caused from work’s damages, (3) the amount of produced wastes and (4) the number of created job
opportunities are selected as SR measures in the proposed model. The first measure explicitly represents the product
risk that influences the safety and health of consumers (see [23,24]). The second measure reflects the damage to workers
caused from working condition. Notably, in the concerned problem, the decision about production technology highly
influences the working condition. This measure is extracted from GRI [23] that is known as a credible sustainability
reporting framework. The third one is a well-known environmental measure that has already been used by researchers
(e.g., [25]) to measure the environmental burden of whole supply chain especially for production activities. The last
measure influences both the labor condition and community development as the existence of more job opportunities
enhancing the fairness of work condition and also expediting the local community development [26]. The importance of
this measure in the SCM context has also been highlighted before (e.g., [24]). Since it is more desirable to have a single
scalar representing an aggregated score for SR of a supply chain compared to the case that several numbers indicate the
degree of SR from different dimensions, we have aggregated the four considered SR measures into a weighted objective
function. Notably, incorporating these weighting factors facilitate the aggregation of different measures with different
dimensions as well as introducing the importance of each measure (see [1,24,27]). This aggregation also decreases

Table 1
Social impacts and measures in the concerned problem.

Stakeholder Social impact Measure ISO 26000 core subject

Consumers Safety of consumption Number of potentially hazardous products (product risk) Consumer issues
Workers Safety Lost days caused from work’s damages Labor practices

Fairness of work condition Number of created job opportunities Labor practices
Community Community development Number of created job opportunities Community involvement

and development
Environmental quality Amount of produced wastes The environment
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the computational complexity because of lower dimensionality as well as the DM difficulties when choosing the most
preferred compromise solution.

2.2. Model formulation

The indices, parameters and variables used to formulate the concerned socially responsible supply chain network
design (SRSCND) problem are described below.

Indices:
i index of potential locations for plants i = 1, . . ., I
j index of potential locations for distribution centers j = 1, . . ., J
k index of fixed locations of customers k = 1, . . ., K
m index of different production technologies available for plants m = 1, . . ., M

Parameters:
dk demand of customer zone k
f m
i fixed cost of opening plant i with production technology m

g j fixed cost of opening distribution center j
ci j shipping cost per product unit from plant i to distribution center j
a jk shipping cost per product unit from distribution center j to customer k
�m

i production cost per unit of product at plant i with production technology m
�i maximum capacity of plant i
� j maximum capacity of distribution center j
om

i number of job opportunities created if a production center is opened at location i with technology m
p j number of job opportunities created if a distribution center is opened at location j
sm average amount of wastes generated per production of one unit of product with technology m
�m average fraction of potentially hazardous products when technology m is used
�m average lost days caused from work’s damages per worker when technology m is used
�hd weighting factor of total number of potentially hazardous products
�lw weighting factor of total number of lost days caused from work’s damages
�w weighting factor of total amount of generated wastes
� jo weighting factor of total number of produced job opportunities

Variables:
um

i j quantity of products produced at plant i with technology m and shipped to distribution center j
q jk quantity of products shipped from distribution center j to customer k

xm
i =

{
1 if a plant with technology m is opened at location i,
0 otherwise

y j =
{

1 if a distribution center is opened at location j,
0 otherwise

In terms of the above notation, the SRSCND problem can be formulated as follows:
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s.t.
∑

j

q jk ≥ dk, ∀k, (3)

∑
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∑
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k

q jk, ∀ j, (4)

∑
j

um
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i �i , ∀i, m, (5)

∑
k

q jk ≤y j� j , ∀ j, (6)

∑
m

xm
i ≤ 1 ∀i, (7)

xm
i , y j ∈ {0, 1} , ∀i, j, m, (8)

um
i j , q jk ≥ 0, ∀i, j, m. (9)

Objective function (1) minimizes the total cost including fixed opening costs and variable production and trans-
portation costs. Objective function (2) maximizes the social responsibility of the supply chain network including
maximization of job opportunities and minimization of total produced wastes, lost days caused from work’s damages
and number of potentially hazardous products. Constraint (3) ensures that the demands of all customers are satisfied.
Eq. (4) ensures the material flow balance at each distribution center. Constraints (5) and (6) are capacity constraints
on plants and distribution centers that additionally prohibit the units of products from being shipped from plants and
distribution centers which are not opened respectively. Eq. (7) ensures that at most one technology can be assigned
to each plant at each potential location. Finally, Eqs. (8) and (9) enforce the binary and non-negativity restrictions on
the corresponding decision variables. It is noteworthy that according to the constraints (3) and minimization form of
first objective, the amount of production would be equal to the amount of demand. On the other hand, the number
of created job opportunities is highly depended on the number, capacity and production technology of established
production centers. Assume that the amount of demand is equal to 500 units. Thus, the amount of production should
also be equal to 500. This production volume may be produced by one, two or more production centers with different
production technologies. It is obvious that the number of labors needed to produce 500 products is dependent on the
number and capacity of established facilities as well as corresponding production technologies. Altogether, the reason
that the amount of production is not used to estimate the number of job opportunities; is that this measure cannot show
the difference when a fixed amount of products (e.g., 500 units) can be produced by different number of facilities with
different capacity and production technologies. Notably, similar formulations (based on the number and capacity of
facilities) have already been used to estimate the number of created job opportunities in the network design literature
(see [24]).

As the related literature shows (see [28,29]) most of the parameters of supply chain network design problem (e.g.,
demand of customers, capacities and transportation costs) tainted by high degree of uncertainty in real-life situation
because of dynamic nature of supply chains and the strategic horizon of network design decisions. Especially, when
environmental and social measures are taken into account, the degree of uncertainty elevated significantly (see [18]).
Therefore, neglecting the uncertainty in the design of socially responsible supply chain may impose high risks to the
firm. To cope with uncertain parameters in SRSCND problem, robust possibilistic programming approach is developed
in this paper that its details and advantages against previous possibilistic programming approaches are described in the
next section.

3. Proposed robust possibilistic programming approaches

Fuzzy mathematical programming can be classified into two major classes [30–32]: (1) possibilistic programming
and (2) flexible programming. The former is used to handle the lack of knowledge about the exact values of the model
parameters (i.e., epistemic uncertainty in the form of imprecise/ambiguous parameters) which is modeled by possibilistic
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distributions by using of available (but most often insufficient) objective data and subjective knowledge/experience
of the decision maker (DM); and the latter is applied to cope with flexible target value of goals and constraints (i.e.,
fuzziness in the form of vague/unsharp boundaries) which is modeled by subjective or preference-based fuzzy sets.
Since we encounter with imprecise parameters in the concerned SRSCND model, the proposed model belongs to the
first class.

In the past years, by relying on the theory of possibility [33,34], a number of methods have been developed to cope with
imprecise coefficients in both objective functions and constraints. Among them, we refer to those of Luhandjula [35,36],
Dubois [37], Lai and Hwang [38], Liu and Iwamura [39], Inuiguchi and Ramik [30], Dubois et al. [40] and Jimenez
et al. [41]. Here, among the current possibilistic programming approaches, we have employed the chance constrained
programming (CCP) approach (see [30,35,39,42]) to develop our robust possibilistic programming models. However,
similar robust possibilistic programming models could be developed by using of other possibilistic programming
approaches (e.g., [41]) with some minor modifications. CCP is a credible possibilistic programming approach that
relies on strong mathematical concepts such as the expected value of a fuzzy number and the possibility and necessity
measures, and enables the decision maker (DM) to control the confidence level of constraints’ satisfactions besides
supporting various kinds of fuzzy numbers such as triangular and trapezoidal forms.

3.1. Robust programming (optimization)

Robust programming (RP) or optimization theory provides risk-averse methods to cope with uncertainty in optimiza-
tion problems. As the pioneer research in this area Soyster [43] developed a worst case RP method for inexact linear
programming problems. In the area of fuzzy mathematical programming, the first efforts towards RP were done by
Inuiguchi and Sakawa [44,45] using the min–max or min–max regret approach. This RP research line is later followed
by Nie et al. [46] and Kasperski and Kulej [47]. In 1995, Mulvey et al. [48] proposed a more flexible robust optimization
method for scenario-based stochastic programming models. Several years later, Ben-Tal and Nemirovski [49,50] and
El-Ghaoui et al. [51] put a significant step forward in RP theory by extending the work by Soyster [43] for uncertain
linear problems with different convex uncertainty sets. The results and findings of their researches on RP theory through
one decade is organized and presented in Ben-Tal et al. [52] book that now is one of the most important resources for
RP theory. Along the same lines and later Bertsimas and Sim [53] proposed a less conservative worst case method
based on Soyster’s work. Also, the extensions of Mulvey et al. [48] approach are proposed by Yu and Li [54] and Leung
et al. [55].

Noteworthy, several robust programming models have been proposed by authors for practical applications such as
supply chain network design and planning (e.g., [29,56]), inventory management (e.g., [57]), environmental manage-
ment (e.g., [46,58]) and portfolio selection (e.g., [59]) in recent years. For more information about the history and
growth of RP theory the readers can consult with Beyer and Sendhoff [60] and Ben-Tal et al. [52]. Here, before pre-
senting the proposed robust possibilistic programming models, based on the previous efforts (see [48,52]) we give
a clear and comprehensive definition for “robust solution” and a classification for robust programming approaches
below.

A solution to an optimization problem is said to be robust if it has both feasibility robustness and optimality robustness.
Feasibility robustness means that the solution should remain feasible for (almost) all possible values of uncertain
parameters and optimality robustness means that the value of objective function for the solution should remain close
to optimal value or have minimum (undesirable) deviation from the optimal value for (almost) all possible values of
uncertain parameters.

Robust programming (optimization) approaches can be classified into three groups: (1) hard worst case robust pro-
gramming (see e.g., [43,49,51,52]), (2) soft worst case robust programming (see e.g., [45–47,53]) and (3) realistic
robust programming (see e.g., [48,55,56]). The first approach decides to provide maximum safety or immunity against
uncertainty. By ignoring the chance or possibility of infeasibility, this approach immunizes the solution for being
infeasible for all possible values of uncertain parameters. Regarding the optimality robustness, this approach mini-
mizes the worst possible value of objective function (min–max logic). Therefore, hard worst case robust programming
method guarantees that the value of objective function never violates the optimal value resulting from solving the
corresponding mathematical programming model. The second approach is a more flexible version of hard worst case
approach which tries to minimize the worst case value of objective function but do not satisfy (all) the constraints in
their extreme worst case. Finally, the realistic robust programming approach aims to establish a reasonable trade-off
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(explicitly or implicitly) between the robustness, the cost of robustness and other objectives such as improving the aver-
age system performance (cost–benefit logic). Despite the worst case approach, in this method the violation of constraints
is allowed and the method seeks for a relative robust solution based on the value of total interest or DM’s preferences.
The resultant solution is feasible and close to optimal for most of the possible values of uncertain parameters.

A number of researchers (see [52]) believe that the hard worst-case-oriented approach can be more useful when
compared to soft approaches as it does not need any information about the possibility or probability distribution of
uncertain parameters and also immunizes the decision against uncertainty for all possible values of parameters. Also,
they believe that the high conservatism of worst case approach is not a disadvantage, since it provides the DM to
stay on the safe side for all possible situations. However, some other researchers (see [53]) criticize the high degree
of conservatism of worst case robust programming approach, since they believe that it is highly unrealistic (i.e.,
over pessimistic) to assume that all the uncertain parameters could get their worst case value simultaneously and
considering this assumption imposes high costs to the DM. Also, regarding the optimality robustness, they believe
that it is undesirable in many cases to only consider the worst case value of objective function since implementing the
respective decision imposes high costs to stakeholders.

In our view, the hard worst case approach is appropriate for fully conservative and risk averse DMs and is applicable in
the cases that a small perturbation from the expected performance of the concerned system can results in catastrophic
outcomes (e.g., military and emergency cases). The soft worst case approach is also a conservative, but not fully
pessimistic approach that provides a little flexibility within the worst case approach framework. On the other hand,
the realistic robust programming approach is appropriate for profit-seeking and flexible DMs as it can cover the range
between the worst and average cases and also controlling the degree of feasibility and optimality robustness. This
approach can be applicable in most of business cases and also it can be proven that the worst case approach is a special
case of realistic robust programming approach (see Section 3.2.3).

To be benefited from the advantages and capabilities of both possibilistic programming and the concept of robustness,
we extend the theory of robust programming into the possibilistic programming framework resulting in a novel approach
called robust possibilistic programming. To achieve this, various robust possibilistic programming models, covering
hard worst case, soft worst case and realistic robust programming approaches, are proposed in the next section.

3.2. Robust possibilistic programming models

To work more convenient, the compact form of the SRSCND model (excluding the second objective function) can
be stated as follows:

Min z = f y + cx

s.t. Ax ≥ d,

Bx = 0,

Sx ≤ N y,

T x ≤ 1,

y ∈ {0, 1}, x ≥ 0, (10)

where the vectors f, c, and d correspond to fixed opening costs, variable transportation and production costs and
demands, respectively. The matrices A, B, N , S and T are coefficient matrices of the constraints. Additionally, vectors y
and x denote the binary and continuous variables, respectively. Without loss of generality, the second objective function
is omitted in the compact formulation as it can be treated similar to the first objective function.

Now assume that vectors f, c, and d and coefficient matrix N that represents the capacity of facilities are the imprecise
parameters in the compact form of SRSCND problem. To form the basic possibilistic chance constrained programming
model, based on [30,39,61,62], we have used the expected value operator to model the objective function and the
necessity measure to cope with chance constraints including imprecise parameters (see the Appendix for details). Here,
we adopt trapezoidal possibility distributions (see Fig. 1) for modeling imprecise parameters that can be defined by their
four prominent points, e.g., �̃ = (�(1), �(2), �(3), �(4)). Notably, when �(2) = �(3), the respective trapezoidal possibility
distribution is reduced into a triangular one.
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Fig. 1. The trapezoidal possibility distribution of fuzzy parameter �̃.

According to the above-mentioned descriptions, the basic possibilistic chance constrained programming (BPCCP)
model can be formulated as follows:

Min E[z] = E[ f̃ ]y + E[c̃]x

s.t. Nec{Ax ≥ d̃} ≥ 	,

Bx = 0,

Nec{Sx ≤ Ñ y} ≥ 
,

T x ≤ 1,

y ∈ {0, 1}, x ≥ 0. (11)

Noteworthy, in formulation (11), the objective function as well as the first and third sets of constraints include uncertain
parameters with trapezoidal possibility distributions while the other constraints are crisp. As it was mentioned before,
more explanations and justifications about the imprecision of parameters in such problem, for example, can be found
in [28,29]. According to [30,39,61,62], the equivalent crisp model of the above formulation can be stated as follows
(see the Appendix for details):

Min E[z] =
(

f(1) + f(2) + f(3) + f(4)

4

)
y +

(
c(1) + c(2) + c(3) + c(4)

4

)
x

s.t. Ax ≥ (1 − 	)d(3) + 	d(4),

Bx = 0,

Sx ≤ [(1 − 
)N(2) + 
N(1)]y,

T x ≤ 1,

y ∈ {0, 1}, x ≥ 0. (12)

In the above-mentioned formulation, it is assumed that the chance constraints should be satisfied with confidence
level greater than 0.5 (i.e., 	, 
 > 0.5). In this approach, DM should determine the minimum confidence level of
chance constraints. Usually, DM determines several initial values for each confidence level subjectively and then in an
interactive experiment the one that satisfies the DM more than the others is selected as the final value. It is obvious
that in this approach the final value is selected in a somehow subjective manner and there is no guarantee that the
selected value for each confidence level is the best possible choice. This method is somehow similar to sensitivity
analysis as the DM varies the value of parameters (i.e., chance constraints’ confidence levels) and analyzes its impact
on model outputs. Thus, this method can be classified as a reactive or in its best case interactive method. Additionally,
when the number of chance constraints increases, the number of experiments needed to determine the proper value of
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confidence levels, should be increased significantly (i.e., exponentially). Therefore, the required experiments cannot
be done manually and complicated and time consuming simulation tests should be applied.

Regarding the objective function, the model tries to minimize the expected value (average value) of the objective
function. Noteworthy, the model is not sensitive to deviation of objective function value from its expected value. In
other words, the decision outcomes may result in significant deviation from the expected value of objective function in
some real situations that can impose high risks to DM.

3.2.1. Robust possibilistic programming (RPP) model
At first, it is assumed that only vectors f, c, and d are the imprecise parameters and the imprecision of coefficient

matrix N is neglected in this phase. Based on the BPCCP model the RPP-I model can be defined as follows:

Min E[z] + �(zmax − zmin) + �[d(4) − (1 − 	)d(3) − 	d(4)]

s.t. Ax ≥ (1 − 	)d(3) + 	d(4),

Bx = 0,

Sx ≤ N y,

T x ≤ 1,

y ∈ {0, 1}, x ≥ 0, 0.5 < 	 ≤ 1. (13)

Similar to BPCCP model, the first term in objective function is the expected value of z which results in minimization
of expected (average) total performance of the concerned system. The second term, i.e., �(zmax − zmin), indicates the
difference between the two extreme possible values of z in which zmax and zmin can be defined as follows:

zmax = f(4) y + c(4)x,

zmin = f(1) y + c(1)x, (14)

and � represents the weight (importance) of this term against the two other terms in objective function. Therefore, the
existence of second term results in minimization of maximum deviation over and under the expected optimal value of z.
Indeed, this term controls the optimality robustness of the solution vector. The third term, i.e., �[d(4)−(1−	)d(3)−	d(4)],
determines the confidence level of each chance constraint in which � is the penalty unit of possible violation of each
constraint including imprecise parameter(s) and [d(4)−(1−	)d(3)−	d(4)] indicates the difference between the worst case
value of imprecise parameter and the value that is used in chance constraints. Indeed, this term controls the feasibility
robustness of the solution vector. Also, it should be noted that � is not just a theoretical and meaningless parameter,
rather the value of penalty can be determined based on application context properly. For example in SRSCND model
the value of � can be considered as the penalty of non-satisfied demand or shortage that is known as a popular parameter
in the context of SCM.

Despite the BPCCP model, here, the minimum confidence level of chance constraints (i.e., 	) is a variable and its
value is optimized according to model objective function and constraints. Therefore, RPP-I model avoids subjective
judgment about the best value of chance constraints’ confidence levels as well as ensuring to find the global optimum
value for them. Also, RPP-I model manages the uncertainty in parameters proactively and as a result, despite the BPCCP
model, it can be classified as a proactive method. Additionally, RPP-I model can find the optimum value for confidence
levels when the number of chance constraints increases more conveniently without needing to use complicated and
time consuming processes such as simulation experiments.

Based on the above-mentioned descriptions it can be concluded that the RPP-I model seeks for a reasonable trade-off
between the three parts of objective function: (1) average performance, (2) optimality robustness and (3) feasibility
robustness.

Now, let us discuss about the chance constraints when the technological coefficients are tainted with epistemic
uncertainty. As it was presented in the BPCCP model, the matrix coefficient N (that represents the capacity of facilities)
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is assumed to be imprecise. Similar to the previous model, the RPP-I model can be reformulated as follows:

Min E[z] + �(zmax − zmin) + �[d(4) − (1 − 	)d(3) − 	d(4)] + [
N(1) + (1 − 
)N(2) − N1]y

s.t. Ax ≥ (1 − 	)d(3) + 	d(4),

Bx = 0,

Sx ≤ [
N(1) + (1 − 
)N(2)]y,

T x ≤ 1,

y ∈ {0, 1}, x ≥ 0, 0.5 < 	, 
 ≤ 1. (15)

As it can be seen from this model, when the technological coefficients (e.g., N in this model) are assumed to be
imprecise, the linearity of the chance constraints and objective function is destroyed in the proposed RPP model.
Generally, it can be concluded that when the technological coefficient matrix N is tainted with epistemic uncertainty,
the RPP model is resulted in a non-linear mathematical programming model. However, in some cases (e.g., in SRSCND
model) the non-linear term can be converted into the linear one by defining a new variable and adding several constraints
to the model. To escape from complexity of non-linear model, let v be an auxiliary variable (vector) which is defined
as follows:

v = 
 · y (16)

Then the above-mentioned non-linear model can be converted to an equivalent linear one as follows:
RPP-I model:

Min E[z] + �(zmax − zmin) + �[d(4) − (1 − 	)d(3) − 	d(4)] + [vN(1) + (y − v)N(2) − N1 y]

s.t. Ax ≥ (1 − 	)d(3) + 	d(4),

Bx = 0,

Sx ≤ vN(1) + (y − v)N(2),

v ≤ My,

v ≥ M(y − 1) + 
,

v ≤ 
,

T x ≤ 1,

y ∈ {0, 1}, x, v ≥ 0, 0.5 < 	, 
 ≤ 1, (17)

where M is a predefined sufficient large number (not a matrix). Meanwhile, the three added constraints ensure that
auxiliary variable vector v is equal to zero when y = 0; and is equal to 
 when y = 1.

Another important point about the RPP model is that the term �(zmax−zmin) tries to minimize the maximum deviation
over and under the expected optimal value. However, in some cases the DM is not sensitive to both over and under
deviations from the expected optimal value. For example in SRSCND model the DM may not care about the deviation
of total costs under the expected optimal value of objective function (i.e., E[z]), rather it is desirable for DM to achieve a
lower total cost when compared to the expected optimal value in any realization. Therefore, in these cases the following
formulation (RPP-II model) can be applied.

RPP-II model:

Min E[z] + �(zmax − E[z]) + �[d(4) − (1 − 	)d(3) − 	d(4)] + [vN(1) + (y − v)N(2) − N1 y]

s.t. x, y, v, 	, 
 ∈ F, (18)
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where F is the feasible region of RPP-I model. The term �(zmax − E[z]) ensures that the objective function is only
sensitive to the deviation of value of objective function over the expected optimal value without limiting the deviations
under the expected optimal value. This formulation makes a strong compensation between the minimization of expected
value and the minimization of the second term that can be controlled by �. As a less compensatory alternative, the
following formulation (RPP-III model) could also be used.

RPP-III model:

Min E[z] + �zmax + �[d(4) − (1 − 	)d(3) − 	d(4)] + [vN(1) + (y − v)N(2) − N1 y]

s.t. x, y, v, 	, 
 ∈ F. (19)

It should be noted that these three forms of RPP models can be classified as realistic robust programming methods
with respect to the classification presented in Section 3.1.

3.2.2. Modified robust possibilistic programming (MRPP) model
As it can be seen from the formulation of RPP-I (also RPP-II and RPP-III) model, constraint violation is calculated

with somehow conservative approach and no significant attention is paid to the possibility of violation. Accordingly,
to form a less conservative approach, here, we introduce the MRPP model as follows:

Min E[z] + �(zmax − E[z]) + 	�[d(4) − (1 − 	)d(3) − 	d(4)] + 
[vN(1) + (y − v)N(2) − N1 y]

s.t. x, y, v, 	, 
 ∈ F. (20)

Despite the advantage of MRPP model, as it includes quadratic terms, the model is classified as quadratic non-linear
programming. It is obvious that complexity of this kind of mathematical models is higher than the linear ones, however,
among the non-linear models, quadratic non-linear models are known as more tractable ones.

3.2.3. Hard worst case robust possibilistic programming (HWRPP) model
In the worst case robust programming approach the solution should be immunized against all possible realizations of

imprecise parameters (i.e., maximum feasibility robustness) and regarding the optimality robustness in this approach
DM tries to minimize the worst case (maximum) value of objective function over all possible realizations (when the
objective function is in the minimization form). In the other words, this worst case approach is a fully conservative and
risk-averse approach. Accordingly the HWRPP model can be formulated as follows:

Min sup(z)

s.t. Ax ≥ sup(d̃),

Bx = 0,

Sx ≤ inf(Ñ )y,

T x ≤ 1,

y ∈ {0, 1}, x ≥ 0. (21)

Since it is assumed that the imprecise parameters have trapezoidal form, HWRPP model is reformulated as follows:

Min zmax

s.t. Ax ≥ d(4),

Bx = 0,
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Sx ≤ N(1) y,

T x ≤ 1,

y ∈ {0, 1}, x ≥ 0. (22)

Noteworthy, HWRPP model is not sensitive to the form of possibility distribution of imprecise parameters as it uses
only the extreme points of imprecise parameters to form the model constraints and objective function. From one point
of view, this is an advantage since DM does not need to determine the possibility distribution of imprecise parameters
and only knowing the “support” of respective possibilistic distribution is sufficient. However, when the possibility
distribution of imprecise parameters can be determined, the HWRPP model cannot create any additional value for DM
based on additional information about distribution function of imprecise parameters.

Another important point about HWRPP model is that it can be proven that HWRPP model is a special case of RPP-II
model.

Lemma 1. HWRPP model is a special case of RPP-II model.

Proof. Let us set the parameters and variables of RPP-II model in the way that provides maximum conservation for
DM. To this aim, the weight (importance) of optimality robustness should be fixed to 1 (i.e., � = 1) and the confidence
level of each chance constraint should also be set to 1 (i.e., 	 = 
 = 1). If these parameter and variables are substituted
by 1 in RPP-II model, HWRPP model will be achieved. �

3.2.4. Soft worst case robust possibilistic programming (SWRPP) model
Although the HWRPP model provides the highest degree of protection (feasibility robustness), it is very conservative

in practice and also ignores the distribution function of imprecise parameters. Also, the optimal value of objective
function of HWRPP model is significantly higher than the other approaches (e.g., RPP-I). This means that to implement
the decisions resulted from solving HWRPP model, DM should pay notable higher costs. As it is unrealistic that all
the imprecise parameters get their worst possible value in most of real situations, except some particular cases (e.g.,
military and emergency cases) the applicability of such worst case approach is not reasonable and profitable.

To overcome the above-mentioned problems, here, a SWRRP approach is proposed. Applying the method used in
RPP-I model, SWRPP model can be achieved by allowing the model to determine the degree of violation of constraints
based on the penalty function similar to RPP-I model. In this approach the degree of feasibility robustness is determined
in a more reasonable way, but regarding the optimality the objective function tries to minimize the worst possible value
of objective function and the penalty of constraint violations. Accordingly, SWRPP model is formulated as follows:

SWRPP model:

Min zmax + �[d(4) − (1 − 	)d(3) − 	d(4)] + [vN(1) + (y − v)N(2) − N1 y]

s.t. x, y, v, 	, 
 ∈ F. (23)

4. Implementation and evaluation

To assess the performance and usefulness of the proposed RPP models, data derived from an industrial supply chain
is used in this section. The considered supply chain is related to an Iranian single-use medical device manufacturer
that aims to cover 14 customer zones. The firm has now one active production center and five other locations have also
been identified as candidate sites for opening new plants. Regarding the production process, two different production
technologies are available each of which has special impact on the total economical and social performance of the
supply chain network. Furthermore, seven candidate locations are taken into account for installing distribution centers.
All the manufactured products have to be delivered to the customer zones via distribution centers and direct shipment
is not allowed.

To estimate the possibility distribution of imprecise parameters, a focus group of field experts and firm’s managers
has been formed to specify the four prominent values of each trapezoidal fuzzy number according to the available
data and their knowledge. Due to space limitation, only the value of some important imprecise parameters related to
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Table 2
The demand of each customer zone.

Customer zone (k) Demand (millions)
(dk(1), dk(2), dk(3), dk(4))

(1) (300, 320, 365, 390)
(2) (300, 340, 380, 410)
(3) (158, 166, 190, 210)
(4) (135, 140, 160, 180)
(5) (110, 125, 155, 175)
(6) (220, 248, 264, 285)
(7) (140, 175, 200, 240)
(8) (105, 115, 145, 165)
(9) (100, 114, 125, 145)
(10) (105, 115, 130, 150)
(11) (220, 240, 270, 295)
(12) (215, 240, 265, 290)
(13) (330, 354, 364, 380)
(14) (280, 295, 315, 345)

Table 3
The fixed cost, job opportunities and capacity data of production centers.

Potential
production
centers (i)

Production
technology
(m)

Fixed cost (million Rials)
( f m

i(1), f m
i(2), f m

i(3), f m
i(4))

Number of created
job opportunities
(om

i(1), om
i(2), om

i(3), om
i(4))

Capacity (millions)
(�i(1), �i(2), �i(3), �i(4))

(1) [active] Type 1 (0, 0, 0, 0) (122, 122, 122, 122) (1720, 1750, 1790, 1830)

Type 2 (25 000, 31 000, 38 000, 42 000) (98, 102, 104, 108)

(2) Type 1 (135 000, 143 000, 148 000, 152 000) (116, 118, 120, 122) (1650, 1660, 1740, 1790)

Type 2 (162 000, 169 000, 174 000, 178 000) (98, 102, 104, 108)

(3) Type 1 (132 000, 139 000, 144 000, 150 000) (125, 128, 130, 132) (1750, 1760, 1800, 1870)

Type 2 (140 000, 147 000, 151 000, 155 000) (104, 108, 110, 114)

(4) Type 1 (133 000, 140 000, 146 000, 152 000) (122, 125, 128, 130) (1700, 1750, 1800, 1870)

Type 2 (140 000, 148 000, 152 000, 157 000) (100, 104, 106, 110)

(5) Type 1 (139 000, 146 000, 157 000, 161 000) (128, 135, 138, 142) (1850, 1910, 1990, 2060)

Type 2 (149 000, 155 000, 159 000, 164 000) (108, 112, 116, 120)

(6) Type 1 (137 000, 142 000, 150 000, 157 000) (110, 114, 116, 120) (1650, 1680, 1730, 1770)

Type 2 (139 000, 145 000, 153 000, 161 000) (90, 92, 96, 98)

customer zones, production and distribution centers are provided here through Tables 2, 3 and 4, respectively. However,
the details of other parameters can be provided upon request. It is noted that all of the monetary data are presented in
the Iranian currency, i.e., Rial.

To handle the multiple objectives nature of the proposed models, the well-known �-constraint method is applied.
Notably, this method is classified as a posteriori or generation multi-objective method [63]. This method is able to provide
a good approximation of Pareto front for the DM. According to this method, two extreme points of the Pareto frontier
are first estimated through forming the associated payoff table for which two respective single-objective models (each
time by removing one of the objectives from the original bi-objective model) are solved separately [14,32]. Since each
of these single-objective models may have multiple optimal solutions, hence to ensure finding a Pareto-optimal solution
for the original bi-objective model, each of these single-objective models is solved via lexicographic approach [64].
Then, for sampling a number of non-extreme points of the Pareto frontier, the following single-objective �-constraint
model (24) is constructed via preserving the total cost function (1) as the objective function and adding the SR objective
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Table 4
The fixed cost, job opportunities and capacity data for distribution centers.

Potential dis-
tribution (j)

Fixed cost (million Rials)
(g j(1), g j(2), g j(3), g j(4))

Number of created
job opportunities
(p j(1), p j(2), p j(3), p j(4))

Capacity (millions)
(� j(1),� j(2),� j(3),� j(4))

(1) (10 200, 10 500, 11 000, 11 200) (6, 9, 11, 12) (1060, 1080, 1100, 1120)
(2) (10 500, 10 800, 11 000, 11 100) (8, 10, 12, 14) (1000, 1020, 1030, 1040)
(3) (11 000, 11 100, 11 200, 11 300) (8, 10, 13, 15) (1040, 1060, 1080, 1100)
(4) (11 800, 11 900, 12 300, 12 800) (12, 14, 16, 19) (1200, 1220, 1240, 1250)
(5) (11 000, 11 100, 11 200, 11 400) (9, 11, 14, 16) (1060, 1080, 1100, 1120)
(6) (11 600, 11 800, 12 000, 12 800) (8, 10, 12, 13) (1010, 1030, 1040, 1050)
(7) (11 000, 11 100, 11 200, 11 300) (11, 13, 16, 19) (1190, 1210, 1220, 1240)

function (2) to the constraints set with a right-hand side (i.e., �) chosen in the range of its two extreme values obtained
when forming the payoff table.

Min W1

s.t. W2 ≥ �,

x ∈ F(x), (24)

where F(x) indicates the feasible region involving the constraints of the original model (1)–(9). To generate different
Pareto-optimal solutions over the whole efficient set, the value of � should be varied systemically in the range of second
objective function. To this end, this range is segmented into equal parts and the respective grid points are used as the
value of epsilon in different runs of model (24).

Since in the considered case, the DM is only concerned about the robustness of the cost objective function, without
loss of generality we only use the RPP formulations for the first objective function and for the second objective function
the corresponding expected value is used. Additionally, the DM provides the weighting factor of the two SR measures
according to autochthonous conditions and their knowledge as � jo = 0.85, �hd = 0.05, �lw = 0.05, and �w = 0.05.
Here we avoid using analytical methods to determine the weighting factors, however, multi-criteria decision making
(MCDM) techniques such as analytic hierarchy process (AHP) can be applied to set the weights more precisely.

LINGO 9.0 optimization software is employed to solve the proposed RPP models by �-constraint method and all the
experiments are carried out by a Pentium dual-core 1.40 GHz computer with 3 GB RAM.

First, all the models are solved with nominal data (i.e., data represented in Tables 2, 3 and 4) for which the cor-
responding results are shown in Table 5. As it can be seen from Table 5, five Pareto-optimal solutions are generated
for each model by the aid of �-constraint method. As the BPCCP model is not able to adjust the minimum confidence
level of chance constraints, the results for this model are reported under three different confidence levels (i.e., 0.7, 0.8
and 0.9). The results approve that the considered objective functions are in conflict with each other as an increase of
social responsibility (the second objective function) leads to an increase in total costs and vice versa. Notably, the cost
objective function has a tendency towards network centralization via minimizing the total costs (i.e., achieving the
efficiency) and on the other hand the second objective function has a tendency towards more decentralized network to
maximize the supply chain social responsibility. For example, consider the results of BPCCP model when confidence
level is equal to 0.9. In this case, when W1= 776 398.5 and W2= 214.15 (the first Pareto-optimal solution), only two
plants and three distribution centers are opened, whereas when W1=1 385 979 and W2= 661.14 (the last Pareto-optimal
solution), six production centers and seven distribution centers are opened.

To assess the desirability and robustness of the solutions obtained by the proposed models under nominal data, 10
random realizations are generated uniformly and then the performance of the obtained solutions is tested under each
realization. For example if �̃ = (�(1), �(2), �(3), �(4)) is an imprecise parameter with trapezoidal possibility distribution
function, the realization is produced by generating a random number uniformly between the two extreme points of
the corresponding possibility distribution function (i.e., �real ∼ [�(1), �(4)]). Afterwards, the solutions obtained by the
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Table 5
The performance of the proposed models under nominal data.

BPCCP model

	 = 
 = 0.7 	 = 
 = 0.8 	 = 
 = 0.9
CPU time (s) W1 W2 CPU time (s) W1 W2 CPU time (s) W1 W2

5 643 752.5 109.31 10 772 131.3 215.87 15 776 398.5 214.15
7 782 750.1 248.29 6 916 538.6 327.73 7 920 551.1 325.96
8 939 798.3 387.27 5 1 003 041 439.60 8 1 006 481 437.78
7 1 107 655 526.25 6 1 146 481 551.46 6 1 149 877 549.59
7 1 346 971 665.23 8 1 325 768 663.32 5 1 385 979 661.41

RPP-I model RPP-II model RPP-III model
CPU time (s) W1 W2 CPU time (s) W1 W2 CPU time (s) W1 W2

16 844 156 106.485 14 779 516.9 106.485 9 1 364 178 106.485
7 940 641.3 246.8524 5 873 515.8 246.8524 7 1 589 280 246.8524

10 1 122 662 387.2198 5 1 046 011 387.2198 6 1 907 207 387.2198
8 1 306 257 527.5872 4 1 219 784 527.5872 4 2 232 668 527.5872
9 1 662 992 667.9546 5 1 567 695 667.9546 5 2 732 670 667.9546

MRPP model HWRPP Model SWRPP Model
CPU time (s) W1 W2 CPU time (s) W1 W2 CPU time (s) W1 W2

13 929 502.1 211.296 24 871 310.5 212.42 8 788 599.5 106.485
6 1 076 789 325.4607 7 1 023 267 324.19 5 882 207.2 246.8524
7 1 232 739 439.6253 12 1 112 824 435.96 6 1 055 913 387.2198

14 1 397 682 553.79 6 1 263 235 547.73 6 1 230 268 527.5872
12 1 484 666 667.9546 8 1 431 060 659.49 7 1 579 302 667.9546

models under nominal data (x∗ ,y∗) will be replaced in a linear programming model that its compact form is as
follows:

Min freal y∗ + creal x
∗ + �Rd + Rc

s.t. W2 ≥ �,

Ax∗ + Rd ≥ dreal ,

Bx∗ = 0,

Sx∗ ≤ Nreal y∗ + Rc,

T x∗ ≤ 1,

Rd , Rc ≥ 0. (25)

In this linear programming model, Rd and Rc are the only decision variables that determine the violation of chance
constraints under random realization. The average and standard deviation of objective function values under random
realizations are used as performance measures to evaluate the proposed models. The results of these experiments are
reported in Table 6.

From the information represented in Table 6, the following results can be derived.

• Models RPP-I, RPP-II and SWRPP have somehow similar performances as they obtain close solutions under nominal
data and also have close performance under different realizations. Furthermore according to the aforementioned
performance measures, these three models have better performance than the other proposed models for the problem.
Among these three models, RPP-II can also be selected as the most preferred one in this case, because in SCRND
problem besides improving the average performance of the concerned system, the DM is only sensitive to the
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Table 6
The performance of the proposed models under realizations.

No. of realiza-
tion

BPCCP
	 = 
 = 0.9

BPCCP
	 = 
 = 0.8

BPCCP
	 = 
 = 0.7

RPP-I RPP-II RPP-III MRPPa HWRPP SWRPP

1 779 789.9 778 310.9 660 220.9 656 152.8 656 162.1 733 274.1 782 774.0 781 708.6 656 474.8
2 795 522.3 794 831.8 650 410.9 648 012.4 646 061.6 734 530.5 797 751.7 798 127.7 648 036.9
3 779 828.2 778 008.1 636 057.4 635 682.9 635 687.3 732 600.8 785 420.3 782 452.5 635 720.6
4 758 702.0 754 122.7 647 224.5 653 303.1 653 310.5 733 250.2 759 080.7 763 302.3 653 268.2
5 785 493.2 782 109.4 668 061.6 667 829.9 667 903.2 745 448.5 774 958.3 790 169.6 667 846.7
6 788 193.7 786 818.5 655 948.4 653 913.1 653 930.3 751 276.7 812 482.6 792 705.9 653 830.4
7 796 726.4 801 196.2 674 239.3 663 329.0 663 385.4 758 999.7 813 001.4 796 516.0 663 244.8
8 772 351.6 768 240.0 663 511.6 668 783.3 668 774.8 744 081.5 776 397.6 777 153.3 668 381.4
9 794 427.8 794 949.8 638 659.8 632 058.2 632 029.6 732 948.9 783 268.1 796 697.5 632 227.3

10 753 395.5 751 497.8 622 505.9 622 551.3 622 526.5 714 117.1 771 142.1 755 045.0 622 674.1

Average 780 443.1 779 008.5 651 684.0 650 161.6 649 977.1 738 052.8 785 627.7 783 387.8 650 170.5

Standard deviation 15 070.9 16 868.8 15 967.4 15 622.2 15 686.7 12 435.1 17 463.8 14 715.4 15 524.6

a LINGO 9.0 did not guarantee to find the global optimum solution for the MRPP model.

deviation of value of objective function over the expected optimal value without limiting the deviations under the
expected optimal value. As it can be seen from Table 6, RPP-II has the best average performance and at the same
time it has an acceptable standard deviation.

• The RPP-III and HWRPP model have the minimum standard deviations when compared to other models. As it was
mentioned in Section 3, HWRPP model is a fully conservative and risk-averse model and it is expected that its
average performance has a lower quality when compared to other models. This model can also be valuable for some
emergency situations as it guarantees that the value of objective function never violates the corresponding optimal
value resulting from HWRPP model.

• With respect to the two performance measures, MRPP model has undesirable performance on the considered problem
when compared to the other proposed models. It should be noted that since MRPP model is a non-linear MIP model,
LINGO 9.0 optimization software did not guarantee to find the global optimum solution for this model. Therefore,
this issue may affect its performance.

• Our observations also show that the performances of the robust possibilistic programming models are closely de-
pendent to the value of penalty of chance constraints violation (i.e., � and ). When the penalty of violation is
high, the more conservative models like WRPP or RPP-III have better performances and on the other hand, the less
conservative models such as RPP-I and RPP-II ones outperform the others when the penalty of violation is low.

• In some cases the violation of constraints cannot be translated as a penalty in the objective function and therefore
the solution becomes infeasible. In these situations the use of more conservative robust models such as HWRPP or
RPP-III is quite desirable.

It should be emphasized that the suitable models could be selected according to the above-mentioned performance
measures but the best one among the suitable ones should be selected according to the preferences of DM as it is done
in the studied case. However, it cannot be concluded that any of the models presented in the paper is the best one
for all the cases and conditions, since the DM preferences and the nature of the concerned problem, that determines
the required degree of conservatism, should be considered as the main criterion to select the most appropriate robust
model.

5. Conclusion remarks

To response the need for sustainability, this paper addresses the issue of designing socially responsible supply chains.
As the uncertainty in parameters has significant impact in such a strategic problem, it is also taken into account. A
bi-objective mathematical programming model is first developed that optimizes the configuration of supply chain
network with respect to both social and economical aspects. To cope with uncertain parameters, a novel possibilistic
programming approach, called robust possibilistic programming (RPP), is proposed. Several types of RPP models,
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including the hard worst-case, the soft worst-case and the realistic RPP approaches, are then developed and their
differences, weaknesses, strengths and the most suitable conditions for being used as well as their advantages against
the previously developed possibilistic programming approaches are discussed. An industrial case study is used to
demonstrate the performance and applicability of the proposed RPP models.

Since the robust possibilistic programming models proposed in this paper are the primary effort in this area, various
further research directions can be suggested. For example, extending the proposed robust possibilistic programming
models into the robust flexible programming ones or incorporating the fuzzy random variables into the proposed
models (i.e., leading to the robust fuzzy stochastic programming models) may be promising research directions with
significant practical relevancies. Also, incorporating the proposed robust possibilistic programming models into the
existing SCND models in the literature (e.g., [65]), may be considered as further practices for controlling the optimality
robustness (i.e., minimization of maximum deviation). Finally, regarding the social responsibility in SCND problem,
future researches may be aimed to convert the social impacts into the economic cost or profit type measures aiming to
integrate the economical and social aspects into a single objective function by extending the relevant methods such as
the life cycle costing procedure [66].

Appendix

The expected (mean) value of a fuzzy number was firstly developed by Yager [67] and then followed by Dubois and
Prade [61] and Heilpern [62]. Assume that �̃ is a fuzzy number defined by the following membership function:

��̃(x) =

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

f�̃(x) i f �(1) ≤ x < �(2),

1 i f �(2) ≤ x ≤ �(3),

g�̃(x) i f �(3) < x ≤ �(4),

0 i f x < �(1) or x > �(4),

then, by the aid of Choquet integral, the upper and lower expected (mean) values of �̃ i.e., E∗(�̃) and E∗(�̃) can be
defined as follows [61,62]:

E∗(�̃) = �(3) +
∫ �(4)

�(3)

g�̃(x) dx, (26)

E∗(�̃) = �(2) −
∫ �(2)

�(1)

f�̃(x) dx . (27)

According to (26) and (27), the expected interval (EI) and expected value (EV) of �̃ can also be defined as follows
[61,62]:

E I [�̃] = [E∗(�̃), E∗(�̃)], (28)

EV [�̃] = E∗(�̃) + E∗(�̃)

2
. (29)

If �̃ has a trapezoidal possibility distribution (see Fig. 1), then

E I [�̃] =
[
�(1) + �(2)

2
,
�(3) + �(4)

2

]
, (30)

EV [�̃] = �(1) + �(2) + �(3) + �(4)

4
. (31)

Now, let r be a real number. According to [34,37], the possibility (Pos) and necessity (Nec) of �̃ ≤ r can be defined
as follows:

Pos{�̃ ≤ r} = sup
x≤r

��̃(x), (32)
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Nec{�̃ ≤ r} = 1 − sup
x>r

��̃(x) = 1 − Pos{�̃ > r}. (33)

If �̃ be a trapezoidal fuzzy number, the possibility and necessity of �̃ ≤ r can then be written as follows:

Pos{�̃ ≤ r} =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

1, �(2) ≤ r,

r − �(1)

�(2) − �(1)
, �(1) ≤ r ≤ �(2),

0, �(1) ≥ r,

(34)

Nec{�̃ ≤ r} =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

1, �(4) ≤ r,

r − �(3)

�(4) − �(3)
, �(3) ≤ r ≤ �(4),

0, �(3) ≥ r.

(35)

Consequently, based on (34) and (35), it can be shown that if 	 > 0.5 then [30,39]

Pos{�̃ ≤ r} ≥ 	 ⇔ r ≥ (1 − 	)�(1) + 	�(2), (36)

Nec{�̃ ≤ r} ≥ 	 ⇔ r ≥ (1 − 	)�(3) + 	�(4). (37)

Eqs. (36) and (37) can be applied directly to convert the fuzzy chance constraints into their equivalent crisp ones. It
is noteworthy that since it is more meaningful to use necessity measure to satisfy the chance constraints (see [30]), the
necessity measure is applied to cope with chance constraints in the paper.
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