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Abstract
Supply chain performance evaluation problems are evaluated using data envelopment analy-
sis. This paper proposes a fuzzy network epsilon-based data envelopment analysis for supply
chain performance evaluation. In the common data envelopment analysis models which are
used for evaluation of decision-maker units efficiency, there are several inputs and outputs.
One of the bugs of suchmodels is that the intermediate products and linking activities are over-
looked. Considering these intermediate activities and products, the current study evaluates the
performance of decision-maker units in an automotive supply chain. There are ten decision-
maker units in the supply chain in which there are three suppliers, two manufacturers, two
distributors, and four customers. Moreover, the overall efficiency of input-oriented (input-
based) model and input-oriented divisional efficiency are calculated. In order to improve the
efficiencies, the projections onto the frontiers are obtained by using the outputs of the solved
model and Lingo software. In order to show the applicability of the proposed model, it is
applied on automotive industry, as a case study, to evaluate supply chain performance. Then,
the overall efficiencies of DMUs and each sections (divisions) of DMUs were calculated
separately. Therefore, every organization can apply this evaluation method for improving the
performance of alternative factors.

Keywords Supply chain management · Performance measurement · Network DEA · Fuzzy
DEA

1 Introduction

These days, lowest cost and best quality are factors that attract more customers so most of the
enterprises try to win this competition (Wan et al. 2017). Supply chain consists of suppliers,
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manufacturing plants, warehouses, customers, and distribution channels and is an inseparable
part of modern business management offering services to customers (Christopher 1992; Five
Winds International 2018; Pasandideh et al. 2015). Moreover, as an important competitive
strategy, companies apply Supply chain management (SCM) to satisfy market demand (Chen
2011).

When there are a lot of sellers, manufacturers, distributors, and retailers in the supply
chain, performance measurement becomes complex, because the attribution of results to a
large number of involving elements is difficult (Jalali Naini et al. 2011).

Supply chain performance evaluation (Jakhar 2015), Supply chain risk management (Wu
et al. 2013), manufacturing/distribution planning decisions (MDPDs) for overall effective-
ness of supply chain management (Liang 2011), transportation problems in supply chains
(Pramanik et al. 2015), supplier selection problem (Costa et al. 2018; Kannan 2018), supply
chain vehicle location-routing problem (Govindan et al. 2014), closed loop supply chain
network design problem (Devika et al. 2014; Govindan et al. 2015), and reverse logistic
provider problem (Li et al. 2018) are some the problems of supply chain management. The
most significant problems of supply chain is performance evaluation, which involves several
layers of interconnected complex activities. We cannot evaluate supply chain performance
by taking into account only input and final output, while ignoring internal activities and
relations among suppliers, manufacturers, and customers. Performance improvement at the
level of units in the supply chain (divisional efficiency improvement) leads to the overall
performance improvement in the chain. In order to measure the supply chain performance,
it is essential to take into account several layers of internal activities and relations (Tavana
et al. 2013).

In addition, if we want to measure the performance of a supply chain, we can use different
methods like Data Envelopment Analysis (DEA). DEA is a non-parametric technique for
evaluating a set of homogeneous decision-making units (DMUs) with multiple inputs and
outputs (Toloo and Tavana 2017).

Therefore, developing and applying a comprehensive and valid performancemeasurement
system is one of the most important issues in the evaluation of supply chain performance.
Relational network DEA is a method used for evaluation of supply chain. In many situations
in the real world data are not definite, thus, fuzzy data can be used.

Hence, the following natural question arises: how can we evaluate the performance of a
supply chain by considering fuzzy data? This is the most important question for managers
and also the main motivation for this study.

We aim at defining a practically implementable method that can guide managers towards
potential remedial actions and help them to find out performance of each section. In particular,
we address the following question.

• Question: How can we model a supply chain (including suppliers, manufacturers, distrib-
utors, and customers) for evaluating performance, using fuzzy data envelopment analysis?

The target of this paper is to present a performance measurement model under uncertain
conditions in supply chain network given the existence of shortages in the network. Using
this model, we can measure the efficiency of the units by applying the amounts of input,
output, and the movement of materials among the divisions of these units. In this study,
designing, producing, and selling in several supply chains (that were taken as decision units)
and also manufacturers, distributors, and customers were included. Themodel was suggested
in the framework of fuzzy network DEA models and have been used in real case of a supply
chain in the automotive industry. Compared to the common models, this model is more
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capable to reveal the deficiencies of supply chain. In addition, it has the ability to work with
fuzzy data in real problems.

The paper is organized as follows. In Sect. 2, a number of previous studies in DEA and
its applications in supply chain performance evaluation are reviewed and summarized. In
Sect. 3, the mathematical details of the DEA model have been presented. In Sect. 4, the
obtained results are analyzed and discussed in an automotive industry. Finally, all findings,
discussions and future research directions are summarized in Sect. 5.

2 Literature review

Cost-minimization criteria and profit-maximization criteria are considered as two major cri-
teria in the supply chain management (see, e.g., Camm et al. 1997; Cohen and Lee 1989).
In addition, performance evaluation is a necessary step for realization of the aims of both
cost-minimization and profit-maximization in supply chain management (Yang et al. 2011).

In this section, different aspects of the related literature are considered; (1) The indicators
of supply chain performance evaluation; (2) Network data envelopment analysis; (3) Fuzzy
data envelopment analysis; (4) Data envelopment analysis in the evaluation of supply chain
performance. Previous studies and the latest research findings in the field of evaluation of
performance of supply chains are examined.

When we want to analyze a supply chain network, for the first step we must survey
completed structures for several enterprises, All these elements in real world are dynamic
and uncertain (Long 2017). In various articles, the criteria and indicators of supply chain
performance evaluation have been discussed. Garvin (1993) suggested five performance
indices: quality, expenses, on-timedelivery, services, andflexibility.Reviewing thepreviously
introduced criteria of supply chain performance evaluation, Beamon (1999) categorizes these
criteria into three groups (flexibility, output, and resources) and presents a framework for
the evaluation of supply chain performance. According to Beamon (1999), the majority
of past research on SCM has focused solely on expenses, time and flexibility, however,
levels of attention to external operators such as lack of criteria integrity, lack of systematic
view, and lack of non-expenditure operators have increased (Holmberg 2000; De Toni and
Tonchia 2001; Chan and Qi 2003). Balfaqih et al. (2016) reviewed supply chain performance
measurement systems and assembles an overview of those systems, approaches, techniques
and criteria between 1998 and 2015. In a part of this study, DEA presented as a technique
for development and evaluation of supply chain management.

Radial measurement DEA models can be used for the problems of supply chain perfor-
mance evaluation with inter-connected relations (Chen 2011). However, these models are
not suitable for problems in which radial and non-radial inputs should be included simulta-
neously. Radial forecast determines a proportional change in the level of inputs and outputs
of deficient DMUs in order to obtain the borders. A number of studies have challenged
radial forecasts in DEA, including (1) Criticizing the efficiency score as a performance index
(Halme et al. 1999); (2) Rejecting this hypothesis that radial forecasts are sufficiently close
to the intended plan or suitable enough; (3) Criticizing the decision-maker inflexibility in the
selection of reference unit for a deficient DMU (Korhonen et al. 2001).

Tone (2001) presented an Epsilon-based Measure (EBM) which is a non-radial method
for measuring time efficiency in cases that inputs and outputs do not change proportionally.
In the radial methods of CCR and BCC, the changes in inputs and outputs are proportional.
On the other hand, in non-radial surplus-based models (input surplus, output shortage), such

123



Annals of Operations Research

proportions are not taken into account, and no independent changes take place in the surplus
values in inputs and outputs.

Tone and Tsutsui (2009) showed that in radial network DEA method, the intermediate
products or the relations among activities are not considered. In the same line, they introduced
a DEA network model, which was based on the auxiliary variables. This model is used for
the evaluation of decision-maker units’ efficiency when intermediate products are involved.

Tone and Tsutsui (2010) stated that because there are radial and non-radial factors for
the measurement of efficiency, a third factor can be used for measuring the efficiency of an
integrated DEA. In this method, radial and non-radial measurements are combined with each
other. They introduced a new diversity index which is used for determining the value of ε.
This index shows the variations in the data. They also suggested an approach for employing
the weights in the surplus value.

By illustrating a case study for the base realignment and closure (BRAC) decision pro-
cess at the U.S. Department of Defense (DoD), Tavana et al. (2012) suggested three fuzzy
DEAmodels with regarding to probability-possibility, probability-necessity and probability-
credibility constraints. Puri and Yadav (2014) applied a fuzzy DEA model with undesirable
fuzzy outputs on data from a banking sector in India. Results illustrated the influence of
uncertainty in the data over the efficiency results. As another case study, in a resin produc-
tion company, Azadi et al. (2015) expanded an integrated DEA model for choosing best
sustainable suppliers that focused on Russell measure (ERM) model in a fuzzy context.
Moreover, Olfat et al. (2016) evaluated the sustainability of airports by using fuzzy extension
of SBM dynamic network approach. The evaluation was done through a multi-perspective,
multi-system, and multi-process operation. Fuzzy numbers make it possible to omit vague-
ness of variables during analysis. Then Hatami-Marbini et al. (2017) stated an approach
that all the variables, inputs and outputs are considered as fuzzy numbers. A lexicographic
multi-objective linear programming (MOLP) is used to solve the model.

Chen and Yan (2011) presented a DEA network model for the evaluation of internal
structure of supply chain. They discussed the view of organizing mechanisms to deal with
the complexities of supply chain. They introduced network DEA models under the concepts
of centralized, decentralized and mixed organization mechanisms and discussed all three
different ones. In this study, the relationship between supply chain and divisions, and the
relationship among the three different organization mechanisms were discussed in order for
efficiency analysis. As a further development, they considered internal resource waste in
supply chain.

Halkos et al. (2011) analyzed the two-stageDEAnetworkmodel. They also studied various
models with intermediate measures. In addition, they categorized models into four groups:
(1) standardDEA approach (2) Relational DEAmodels (3) NetworkDEA (4) Game theoretic
models.

Efficiency in top ten dairy companies in Iran. Khalili-Damghani et al. (2012) presented an
article on two-stage fuzzy data envelopment analysis. Theirmathematical model significantly
reduced the amount of computations. Khalili-Damghani and Taghavifard (2012) suggested
a three-stage DEA model for the evaluation of efficiency. In this model, fuzzy sets are used
for non-definite data.

Extending the common DEA models proposed by Ton and Tsutsui and by taking into
account the auxiliary value, Tavana et al. (2013) presented a networkmodel for semiconductor
industry. Variety in data and the importance of their relations in efficiency measurement
were included in their study. Comparing the results obtained by this method with the results
obtained by earliermethods, they concluded that theirmethodwasmore efficient for networks
with several internal relation layers and a large number of units. Mirhedayatian et al. (2014)
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used DEA for evaluating GSCM. They considered linking activities in their model. In a case
study, they evaluated the GSCM in the presence of dual-role factors, undesirable outputs, and
fuzzy data. Moreover, GSCM is a valuable method for decreasing Traffic congestion and air
pollution in order to evaluate transportation service providers. For this case of study, Azadi
et al. (2014) proposes two approaches which are data envelopment analysis in order to find
targets for two-stage network structures to plan in feasible region.

Khodakarami et al. (2015) proposed a structure for evaluation supply chain sustainability
in resin producing companies. They did this evaluation in two-stage processes of DEA.
Haghighi et al. (2016) evaluated sustainable supply chains with considering a novel hybrid
BSC-DEA framework that this supply chain was plastic recycling companies in Mazandaran
andGolestan provinces of Iran. By analyzing different BSC factors, strengths andweaknesses
of each company are identified. Furthermore, Tavana et al. (2016) stated that in a supply chain
with suppliers, manufacturers and distributors, a two-stage DEA method used for evaluating
the performance of this three-level supply chain.Kao et al. (2017)measure the efficiencies of a
supply network structure for different sections usingDEAmethods. In order to review articles
in the field of data envelopment analysis models in evaluation of supply chain management,
Soheilirad et al. (2017) reviewed 75 published articles between 1996 and 2016.

2.1 Research gap

Tables 1 and 2 represent a summary of papers that were discussed before in term of main
findings of the research and show gaps and main points about the need of this research.

In order to evaluate supply chain performance, many studies have been managed by
DEA approach. As was mentioned, the normal DEA approach has been employed for the
measurement of two-stage network performance. In addition, fuzzy DEA approach was used
for the evaluation of agility in dairy supply chain (by two-stage fuzzy DEA approach), fresh
food products supply chain (by ranking data) and the evaluation of series processes which
included on-time production, agility index, and objectives of supply chain (by three-stage
fuzzy DEA). By extending the earlier models, a new model was suggested for the evaluation
of supply chain performance in automotive industry. In this study, we used fuzzy set theory
to reflect the subjective judgments of decision makers regarding the qualitative indicators; it
could be useful in assessing the performance of competing supply chain networks.

3 Problem definition andmodel formulation

At first, we explain and define the problem. Secondly, the parameters and decision variables
that we use in the model are presented. Finally, model formulation has been discussed as the
results of this experiment.

3.1 Problem definition

Among supply chain entities, the effective and comprehensive performance evaluation meth-
ods may be denied because of tradeoff or cooperation. Most of the time maximizing the
whole efficiency is more important of each sections of the supply chain. As it is evident in
the most supply chains, the outputs of each level are usually the inputs of the next level. Sup-
ply chain performance evaluation can be done byDEAmethods considering linking activities
and multiple entities.
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Table 1 Summary of using DEA in supply chain evaluation

References Main findings

The index of supply
chain performance
evaluation

Garvin (1993) Performance indices: quality, expenses, on-time delivery, services, and
flexibility

Beamon (1999) Structure for the evaluating performance of supply chain

Jakhar (2015) Traditional metrics of cost and quality used for developing a model on
sustainability in supply

Balfaqih et al. (2016) Review supply chain performance measurement systems 1998–2015

Long (2017) How in supply chain networks with inter-organizational collaborations,
a methodology for data-driven computational experiments can apply

Network data
envelopment analysis

Tone (2001) A non-radial method, Epsilon-based Measure (EBM), for measuring
time efficiency in cases that inputs and outputs do not change
proportionally

Tone and Tsutsui (2009) In radial network DEA method, the intermediate products or the
relations among activities are not taken into consideration

Tone and Tsutsui (2010) Radial and non-radial measurements are combined with each
other—approach for employing the weights in the surplus value

Fuzzy data
envelopment analysis

Tavana et al. (2012) Three fuzzy DEA models considering probability-possibility,
probability-necessity and probability-credibility constraints

Puri and Yadav (2014) Fuzzy DEA model with undesirable fuzzy outputs

Azadi et al. (2015) Fuzzy integrated DEA model for evaluating the sustainability of
suppliers

Olfat et al. (2016) Efficiency performance of 28 airports based on their attention toward
sustainable development principles by fuzzy dynamic network DEA

Hatami-Marbini et al. (2017) Evaluation by fully fuzzified DEA (FFDEA) approach

Data envelopment
analysis in the
evaluation of supply
chain performance

Chen and Yan (2011) Presented a DEA network model for the evaluation of internal structure
of supply chain

Halkos et al. (2011) Analyzed the two-stage DEA network model

Khalili-Damghani et al.
(2011)

A combinatory approach for the evaluation of agile supply chain
performance

Khalili-Damghani et al.
(2012)

A two-stage fuzzy data envelopment analysis. Their mathematical
model significantly reduced the amount of computations

Khalili-Damghani and
Taghavifard (2012)

A three-stage DEA model for the evaluation of efficiency. In this
model, fuzzy sets are used for non-definite data

Khalili-Damghani and
Tavana (2013)

A fuzzy DEA network model for the evaluation agile supply chain

Tavana et al. (2013) A new network model for semiconductor industry
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Table 1 continued

References Main findings

Mirhedayatian et al. (2014) A novel network DEA model for evaluating the GSCM

Azadi et al. (2014) Two DEA approaches to evaluate transportation service providers

Khodakarami et al. (2015) Two-stage DEA models in resin producing companies for evaluating
the sustainability of supply chains

Haghighi et al. (2016) Performance evaluation in sustainable supply chains by using a novel
hybrid BSC-DEA framework

Tavana et al. (2016) Suppliers, manufacturers and distributors in three-level supply chain
evaluated by a two-stage DEA method

Kao et al. (2017) Evaluating the efficiencies of a three-stage DEA model

Table 2 Research gap

References Method

FDEA NDEA SBM-DEA EBM-DEA

Tone (2001) * *

Tone and Tsutsui (2009) * *

Tone and Tsutsui (2010) * *

Chen and Yan (2011) *

Khalili-Damghani et al. (2011) *

Tavana et al. (2012) *

Khalili-Damghani et al. (2012) * *

Khalili-Damghani and Taghavifard (2012) * *

Khalili-Damghani and Tavana (2013) * *

Tavana et al. (2013) * * *

Mirhedayatian et al. (2014) * *

Puri and Yadav (2014) *

Azadi et al. (2015) *

Khodakarami et al. (2015) * *

Olfat et al. (2016) * * *

Haghighi et al. (2016) * * *

Tavana et al. (2016) *

Hatami-Marbini et al. (2017) *

Kao et al. (2017) *

This paper * * * *

In applying conventional DEA, we will require crisp input and output data. We deal
with fuzzy data in real world. Therefore, in real life problems, inputs and outputs are often
imprecise. To deal with this situation, the notion of fuzziness was introduced in DEA and the
DEA was extended to fuzzy DEA (FDEA) (Puri and Yadav 2014). Considering the research
gaps and cases in the real world, decision-makers usually use fuzzy qualitative indices in
order to measure inputs and outputs in every stage of DEA models. In order to measure
supply chain performance and by using the NEBM model, the input and output variables
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and also the intermediate products were made fuzzy. In this way, a new method was created
by which the efficiency of decision-maker units can be obtained by taking into account the
fuzzy values. In this way, in addition to finding the efficient unit, the ranking of other units
can be determined on the basis of their source sets.

3.2 Indices, parameters, and variables of themodel

Tavana et al. (2013) suggested the NEBM model which could solve a multilayered internal
linking activities andmultiple entities for the simultaneous radial and non-radialmeasurement
of DEA efficiency. Their model also can manage the diversity of the input and output data
and their relative importance for measuring technical efficiency. The NEBM Model (1) is
obtained on the basis ofmodel input in order to change the radialmeasurement into non-radial
measurement and vice versa.

γ � min
k∑

h�1

Wh

(
θh − εhi

mh∑

i�1

wh−
i sh−

i

xhio

)

s.t.
n∑

j�1

xhi jλ
h
j + sh−

i � θhx
h
io, i � 1, . . . ,mh, h � 1, . . . , k.

n∑

j�1

yhr jλ
h
j ≥ yhro, r � 1, . . . , sh, h � 1, . . . , k.

n∑

j�1

z(h,h′)
f(h,h′) jλ

h
j �

n∑

j�1

z(h,h′)
f(h,h′) jλ

h′
j , f(h,h′) � 1, . . . , F(h,h′),∀(h, h′)

θh ≤ 1, h � 1, . . . , k

λhj ≥ 0, j � 1, . . . , n, h � 1, . . . , k

sh−
i ≥ 0, i � 1, . . . ,mh, h � 1, . . . , k (1)

The following notations and parameters are used in this model can be represented as
follows:

j Number of decision maker unit (DMU), j � 1, . . . , n
i Index of inputs, i � 1, . . . ,mh

r Index of outputs, r � 1, . . . , sh
h Index of divisions, h � 1, . . . , k
f(h,h′ ) The number of intermediate measures sent from the hth division to the

h
′
th division, f(h,h′ ) � 1, . . . , F(h,h′ )

xhi j The i th input of the hth division in j th supply chain

yhr j The r th output of the hth division in j th supply chain

z(h,h
′
)

f
(h,h

′
)
j Linking intermediate products from division h to division h

′
of j th supply

chain (or DMU)
wh−
i The i th input weight of the hth division

∑n
i��1 wh−

i � 1(wh−
i ≥ 0,∀i)

εhi Parameter which depends on the degree of dispersion of the i th input in
the hth division
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Wh The weight of the hth division and is determined by the decision makers
And also the variables can be as follows too:

θh The radial properties of the NEBM of the hth division
λhj The intensity vector corresponding to division h at DMU j

sh−
i The amount of slack in the i th input of the hth division

εhi
∑mh

i�1
wh−
i sh−

i

xhio
The non-radial properties of the NEBM model

In order to determinewh−
i and εhi , first the diversitymatrix and the affinitymatrix aremade.By

obtaining the affinity matrix vector, wh−
i and εhi parameters are calculated. εhi is a parameter

for changing the radial model into non-radial model and vice versa. This model is dependent
on the degree of data dispersion. When εhi � 0, data variance is low; when εhi � 1, data
dispersion is maximum.

Constraint 1 and 2 are applied to hth input and output units. The third constraint is applied
to intermediate product. The left side of equation is related to the dispatched product from
hth unit, and its right side is related to sending of the same product to h′th unit.

3.3 Model formulation and solvingmethodology

The following steps are used to create the fuzzy model:

Step 1: All fuzzy x, y, and z variables are written by fuzzy triangular values. By taking into
account the fuzzy triangular values, which are usually used in the real world problems, the
model can be extended, and an FNEBM model is obtained.

In every decision-maker unit j � 1, . . . , n, there arem fuzzy values (xhi j ) (i � 1, . . . ,mh),

and r fuzzy outputs (yhr j ) (r � 1, . . . , sh). The intermediate measurement between hth unit

and h
′
th unit is done by f fuzzy intermediates (z(h,h

′
)

f
(h,h

′
)
j ) ( f(h,h′ ) � 1, . . . , F(h,h′ )).

For the needed α-cut, according to the following equations, the upper limit and the lower
limit of input membership function are calculated. Also, the intermediate measurement and
the output are calculated by the followings:

(xhLi j )α � αxh2i j + (1 − α)xh1i j , α ∈ [0, 1], i � 1, . . . ,mh, j � 1, . . . , n, h � 1, . . . , k (2)

(xhUi j )α � αxh2i j + (1 − α)xh3i j , α ∈ [0, 1], i � 1, . . . ,mh, j � 1, . . . , n, h � 1, . . . , k (3)

Model (2) and (3) are the lower limit and the upper limit of inputs (xhi j )

(z(h,h
′
)L

f
(h,h

′
)
j )α � αz(h,h

′
)2

f
(h,h

′
)
j + (1 − α)z(h,h

′
)1

f
(h,h

′
)
j , α ∈ [0, 1], f(h,h′ ) � 1, . . . , F(h,h′ ), j � 1, . . . , n, h � 1, . . . , k

(4)

(z(h,h
′
)U

f
(h,h

′
)
j )α � αz(h,h

′
)2

f
(h,h

′
)
j + (1 − α)z(h,h

′
)3

f
(h,h

′
)
j , α ∈ [0, 1], f(h,h′ ) � 1, . . . , F(h,h′ ), j � 1, . . . , n, h � 1, . . . , k

(5)

Model (4) and (5) are the lower limit and the upper limit of intermediating measurement

(z(h,h
′
)

f
(h,h

′
)
j )

(yhLr j )α � αyh2r j + (1 − α)yh1r j , α ∈ [0, 1], r � 1, . . . , sh, j � 1, . . . , n, h � 1, . . . , k (6)
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(yhUr j )α � αyh2r j + (1 − α)yh3r j , α ∈ [0, 1], r � 1, . . . , sh, j � 1, . . . , n, h � 1, . . . , k (7)

Model (6) and (7) are the lower limit and the upper limit of outputs (yhr j )

Step 2: For parametric model calculation, the definite model is used.

Using α-cut, all variables are determined in one α-cut level parametrically.

γ � min
k∑

h�1

Wh

(
θh − εhi

mh∑

i�1

wh−
i sh−

i

(xhio)α

)

s.t.
⎛

⎝
n∑

j�1

(xhi j )αλhj

⎞

⎠ + sh−
i � θh

(
xhio

)

α
, i � 1, . . . ,mh, h � 1, . . . , k.

⎛

⎝
n∑

j�1

(yhr j )αλhj

⎞

⎠ ≥
(
yhro

)

α
, r � 1, . . . , sh, h � 1, . . . , k.

n∑

j�1

(
z(h,h

′
)

f
(h,h

′
)
j

)

α

λhj �
n∑

j�1

(
z(h,h

′
)

f
(h,h

′
)
j

)

α

λh
′
j , f(h,h′ ) � 1, . . . , F(h,h′ ),∀(h, h

′
)

θh ≤ 1, h � 1, . . . , k

λhj ≥ 0, j � 1, . . . , n, h � 1, . . . , k

sh−
i ≥ 0, i � 1, . . . ,mh, h � 1, . . . , k (8)

where the parameters used to characterize this supply chain are defined as follows:

xhs1 j On-time delivery standard deviation of the hs th supplier in the j th supply chain

xhs2 j The hs th supplier’s distance from the manufacturer in the j th supply chain

xhs3 j Price of the hs th supplier in the jth supply chain

yhs1 j Quality (1−Percentage of Returned Items) of the hs th supplier in the j th supply
chain

hs Numerator of the division in the suppliers level (hs �1, 2, 3)

xhm1 j Number of stoppages of the hm th manufacturer in the j th supply chain

xhm2 j Number of machines of the hm th manufacturer in the j th supply chain

xhm3 j Number of employees of the hm th manufacturer in the j th supply chain

yhm1 j Work-in-Progress (WIP) reciprocal of the hm thmanufacturer in the j th supply chain

yhm2 j Flow time (FT) reciprocal of the hm th manufacturer in the j th supply chain

yhm3 j Flexibility (percentage of the applied changes to the expected changes) of the hm th
manufacturer in the j th supply chain

hm Numerator of the division in the manufacturers level (hm �4, 5)

xhd1 j Cost per dollar revenue of the hd th distributer in the j th supply chain

xhd2 j On-time delivery standard deviation of the hd th distributer in the j th supply chain

yhd1 j Service level of the hd th distributer in the j th supply chain
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yhd2 j Successful customer order percentage of the hd th distributer in the j th supply chain
hd Numerator of the division in the distributors level (hd �6, 7)

xhc1 j Cancelled customer order percentage of the hcth customer in the j th supply chain

yhc1 j Tenure of the hcth customer in the j th supply chain

yhc2 j Order volume of the hcth customer in the j th supply chain

yhc3 j Order commitment percentage of the hcth customer in the j th supply chain
hc Numerator of the division in the customer level (hc �8, 9, 10, 11)

z(h,h′ )
f
(h,h

′
)
j Material flow from division h to division h

′
, (∀(h, h

′
))

z(h,h′ )
f
(h,h

′
)
j Average material flow from division h to division h

′
, (∀(h, h

′
))

Step 3: In this step, model is divided into optimistic and pessimistic conditions. In order to
prevent this, we solve the model by calculation and an appropriate level of preciseness. To
achieve this objective, in every α-cut, x, y, and z are transformed into an interval. In every
interval, the mean of upper and lower limits is calculated.

(xhi j )α � (xhLi j )α + (xhUi j )α

2
� αxh2i j + (1 − α)xh1i j + αxh2i j + (1 − α)xh3i j

2

� 2αxh2i j + (1 − α)(xh1i j + xh3i j )

2
, α ∈ [0, 1], i � 1, . . . ,mh, j � 1, . . . , n, h � 1, . . . , k

(9)

(yhr j )α � (yhLr j )α + (yhUr j )α

2
� αyh2r j + (1 − α)yh1r j + αyh2r j + (1 − α)yh3r j

2

� 2αyh2r j + (1 − α)(yh1r j + yh3r j )

2
, α ∈ [0, 1], r � 1, . . . , sh, j � 1, . . . , n, h � 1, . . . , k

(10)

(
z(h,h

′
)

f
(h,h

′
)
j

)

α

�

(
z(h,h

′
)L

f
(h,h

′
)
j

)

α

+

(
z(h,h

′
)U

f
(h,h

′
)
j

)

α

2

�
αz(h,h

′
)2

f
(h,h

′
)
j + (1 − α)z(h,h

′
)1

f
(h,h

′
)
j + αz(h,h

′
)2

f
(h,h

′
)
j + (1 − α)z(h,h

′
)3

f
(h,h

′
)
j

2

�
2αz(h,h

′
)2

f
(h,h

′
)
j + (1 − α)

(
z(h,h

′
)1

f
(h,h

′
)
j + z(h,h

′
)3

f
(h,h

′
)
j

)

2
,

α ∈ [0, 1], f(h,h′ ) � 1, . . . , F(h,h′ ), j � 1, . . . , n, h � 1, . . . , k (11)

By putting (9–11) equations in Model (8), Model (12) is obtained. In this model, every
variable has only one value.

γ � min
k∑

h�1

Wh

⎛

⎝θh − εhi

mh∑

i�1

wh−
i sh−

i
2αxh2io +(1−α)(xh1io +x

h3
io )

2

⎞

⎠

s.t.
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⎛

⎝
n∑

j�1

2αxh2i j + (1 − α)(xh1i j + xh3i j )

2
λhj

⎞

⎠ + sh−
i

� θh
2αxh2io + (1 − α)(xh1io + xh3io )

2
, i � 1, . . . ,mh, h � 1, . . . , k.

⎛

⎝
n∑

j�1

2αyh2r j + (1 − α)(yh1r j + yh3r j )

2
λhj

⎞

⎠ ≥ 2αyh2ro + (1 − α)(yh1ro + yh3ro )

2
,

r � 1, . . . , sh, h � 1, . . . , k.

n∑

j�1

2αz(h,h
′
)2

f
(h,h

′
)
j + (1 − α)(z(h,h

′
)1

f
(h,h

′
)
j + z(h,h

′
)3

f
(h,h

′
)
j )

2
λhj

�
n∑

j�1

2αz(h,h
′
)2

f
(h,h

′
)
j + (1 − α)

(
z(h,h

′
)1

f
(h,h

′
)
j + z(h,h

′
)3

f
(h,h

′
)
j

)

2
λh

′
j , f(h,h′ ) � 1, . . . , F(h,h′ ),∀(h, h

′
)

θh ≤ 1, h � 1, . . . , k

λhj ≥ 0, j � 1, . . . , n, h � 1, . . . , k

sh−
i ≥ 0, i � 1, . . . ,mh, h � 1, . . . , k (12)

Step 4: In this step, α-cut is used. This is done for values between 0 and 0.9. The length
of every step (interval) is 0.1. The model is solved 10 times with various αs (α-cut). The
efficiency of every DMU is calculated 10 times.

Step 5: Usingmean of rankings which has been calculated by 10 executions (RUNs) of DMU,
DMUs are ranked.

Step 6: The obtained values show the efficiencies of DMUs. For calculating the efficiencies
of various internal sections (divisions) of DMUs, the efficiencies of these sections (divisions)
are calculated by the previously-mentioned method. Therefore, the efficiencies of peripheral
DMUs are calculated 10 times. They can also be evaluated and ranked on the basis of ranking
means.

In this section, by using fuzzymeanmethod and by considering the inputs, outputs, and the
intermediate values defined by fuzzy sets, we managed to make Tavana et al.’s model (2013)
fuzzy. In this way, the model can be used in real problems, in which the non-definiteness of
data is unavoidable.

4 Experimental results

In the previous section, our model was presented. By using triangular fuzzy sets for inputs,
outputs, and transfer of materials among the units, we managed to reformulate the main
model. In this section, an example is presented and the model is analyzed and evaluated. In
order to apply this model in the real world problems and to show the efficiency of processes
and the capability of the model, automotive industry is taken as an example. The automotive
industry covers awide rangeof companies andorganizations involved in design, development,
manufacturing, marketing, and selling of motor vehicles. The automotive industry is not
only one of the world’s most important economic sectors by revenue, but also takes up a
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Fig. 1 The supply chain structure

leading role in quality expectations, product variety and process complexity. As a result of
globalization and customer requirements, car manufacturers offer a large range of vehicle
models and options. The enormous product variety-induced complexity and the pressure of
tough competitions make it hard for an efficient logistics. This is why industrial computing
plays a major role throughout the entire automotive supply chain, from allocation and storage
of raw materials and components to production and delivery in a timely manner.

The case of the study includes designing, producing, and the selling of integrated circuit
products in 10 supply chains (DMUs). As can be seen in Fig. 1, it includes 3 suppliers, 2
manufacturers, 2 distributors, and 3 customers.

By Lingo 14.0 software, the model has been codified for various αs (Sect. 4). In Table 3,
the efficiency of the model is observed for 10 RUNs.
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Fig. 2 The ranking of DMUs DMU6 

DMU4 

DMU7 

DMU8 

DMU10 

DMU2 

DMU3 

DMU5 

DMU9 

DMU1 

The final ranking of DMUs is done by using the mean of rankings obtained from DMUs
in 10 executions (RUNs).

The ranking of DMUs, on the basis of their efficiencies in 10 executions (RUN), is as
Fig. 2.

Now, the efficiencies of 11 various units of each DMU is obtained separately (divisional
efficiency) and also by classifying these sections (divisions) into suppliers, manufactur-
ers, distributors, and customers in two ways with different αs. In Table 4, the efficiencies
of the sections (divisions) of DMU1 are shown. The ranking of the units has been in
Table 5.

In Table 6, the efficiencies of DMU1 sections (divisions) have been presented separately
for suppliers, manufacturers, distributors, and customers. Table 7 show the ranking of these
units have for all DMUs.

Now we have obtained the efficiencies of the units. In order to measure the performance
of deficient units, the method presented by Tone and Tsutsui (2009) is employed and the
efficiency projections of these deficient units onto efficiency frontier (border) is obtained.
In order to do such calculations, we need shortage value, surplus value, and λ. These val-
ues are calculated by the software. By these values, the projection of inputs, outputs, and
intermediates are obtained.

The efficient units are considered as reference models for deficient unit. By making a
direct comparison between a deficient unit and its reference efficient unit, every deficient
unit can be evaluated. The reference units of deficient units have been presented in Table 8.
In this Table, for example, the reference sets of unit 2 are 1 and 9. It means that unit 2 of
DMU1 and unit 2 of DMU9 are the references of unit 2 in DMU 1.

5 Discussion andmanagerial implications

The proposed DEA based approach provides useful managerial implications in measuring
efficiency of supply chain. This study proves that DEA is a useful decision-making tool in
supply chain. The following highlights the managerial implications inferred from solutions
obtained by DEA models.
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Table 4 The efficiencies of the sections (divisions) of DMU1

α�0 α�0.1 α�0.2 α�0.3 α�0.4

Suppliers

Division1 1 1 1 1 1

Division2 0.998835 0.998711 0.998586 0.998459 0.998331

Division3 0.726163 0.725487 0.724807 0.724122 0.723433

Manufacturers

Division4 0.410782 0.409704 0.408628 0.407554 0.406481

Division5 0.695524 0.693796 0.692068 0.690342 0.688617

Distributers

Division6 0.954144 0.954093 0.954042 0.95399 0.953938

Division7 0.791348 0.791643 0.791936 0.792227 0.792516

Customers

Division8 0.2 0.199791 0.199583 0.199378 0.199175

Division9 0.281617 0.281495 0.281375 0.281256 0.281138

Division10 1 1 1 1 1

Division11 0.140989 0.141002 0.141015 0.141028 0.141041

α�0.5 α�0.6 α�0.7 α�0.8 α�0.9 Average

DMU1

Suppliers

Division1 1 1 1 1 1 1

Division2 0.998201 0.998071 0.997939 0.997806 0.997675 0.998584

Division3 0.72274 0.722043 0.721342 0.720637 0.719964 0.724802

Manufacturers

Division4 0.405409 0.404339 0.40327 0.402203 0.401191 0.40863

Division5 0.686892 0.685169 0.683446 0.681725 0.680002 0.692069

Distributers

Division6 0.953884 0.95383 0.953775 0.953719 0.953687 0.954041

Division7 0.792802 0.793086 0.793368 0.793647 0.793978 0.791934

Customers

Division8 0.198974 0.198776 0.198579 0.198384 0.198191 0.199585

Division9 0.281022 0.280906 0.280792 0.28068 0.280467 0.281376

Division10 1 1 1 1 1 1

Division11 0.141054 0.141067 0.14108 0.141093 0.141031 0.141015

One of the most important aspects of efficiency evaluation by data envelopment analysis
is the identification of deficiency sources and determining the optimum levels of inputs
and outputs for deficient units. The identification of these sources of deficiency reveals
the weaknesses of deficient units. Also, finding the optimum levels of input, output, and
intermediates can help us remove causes of deficiency and to improve efficiency.

Based on the value of inputs, outputs, and intermediates and their differences with their
projections that were mentioned in the tables, the necessary changes can be made to improve
the efficiency.
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Table 6 The efficiencies of DMU1 sections (divisions)

α�0 α�0.1 α�0.2 α�0.3 α�0.4

Suppliers 0.9282783 0.928047 0.927813 0.927578 0.927342

Manufacturers 0.5161362 0.514818 0.513501 0.512185 0.510871

Distributers 0.8646059 0.864745 0.864884 0.865021 0.865156

Customers 0.4657179 0.465641 0.465565 0.46549 0.465415

α�0.5 α�0.6 α�0.7 α�0.8 α�0.9 Average

DMU1

Suppliers 0.9271031 0.926863 0.926621 0.926378 0.926144 0.998046

Manufacturers 0.5095578 0.508246 0.506935 0.505626 0.504351 0.721921

Distributers 0.8652892 0.865421 0.865551 0.86568 0.865847 0.404173

Customers 0.4653419 0.465269 0.465197 0.465126 0.465008 0.684884

Table 7 The ranking of units for all DMUs

DMU1 DMU2 DMU3 DMU4 DMU5

Suppliers Manufacturers Manufacturers Manufacturers Manufacturers

Manufacturers Distributers Distributers Distributers Suppliers

Customers Customers Suppliers Customers Customers

Distributers Suppliers Customers Suppliers Distributers

DMU6 DMU7 DMU8 DMU9 DMU10

Suppliers Suppliers Manufacturers Suppliers Suppliers

Manufacturers Manufacturers Distributers Manufacturers Manufacturers

Distributers Distributers Customers Distributers Distributers

Customers Customers Suppliers Customers Customers

In order to explain the results of the model that was presented, the outputs of the supply
chain are used. For instance, for α�0, we evaluate DMU 1:

DMU 1 with an efficiency of 0.67 is identified as the last unit in terms of efficiency. By
identifying the causes of deficiency, it is put within the borders of efficiency.

Among the 11 units in this DMU, the first supplier and the third customer were assigned
an efficiency score of 1. The other units, whose efficiencies are lower than 1, are recognized
as deficient units. For instance, the fourth customer with an efficiency score of 0.14 has the
lowest score. Using reference sets and the projection of inputs, outputs, and intermediates
onto the efficiency frontier (border), we can enhance the efficiency of the unit. In this way,
the overall efficiency of DMU is increased. DMU was divided into the 4 layers of suppliers,
manufacturers, distributors, and customers; then, the efficiency of these layers was calculated
separately. Manufacturers had the highest efficiency score (0.92) and the customers had the
lowest score (0.46).

When there is a product in the supply chain which passes through only group of sections,
the efficiency can still be calculated. In the rest of DMUs and various αs, the same thing can
be done.
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Table 9 The projection of the
efficiency of the second section
of DMU1

xhi j xh∗
i j sh−∗

x211 j 2.88 2.759998 0.1200017

x212 j 675 658.6212 16.378755

x213 j 1 1 0

yhr j yh∗
r j sh+∗

y211 j 86 86 0

z(h,h
′
)

f
(h,h

′
)
j z(h,h

′
)∗

f
(h,h

′
)
j λh∗

z(2,4)1f(2,4) j
328 291.7624 0.8895196

z(2,5)1f(2,5) j
108 96.06811 0.8895196

Table 10 The overall efficiency
scores of the supply chains for
the four models

DMU Overall efficiency scores

NSBM FNEBM NEBM NCCR

1 0.66 0.67 0.711 0.756

2 0.945 0.912 0.97 1

3 0.889 0.908 0.917 0.95

4 0.975 0.978 0.981 0.981

5 0.858 0.881 0.874 0.887

6 1 1 1 1

7 0.973 0.973 0.973 0.973

8 0.927 0.954 0.957 0.957

9 0.684 0.744 0.718 0.746

10 0.909 0.946 0.924 0.946

For example, in order to calculate the projection of the efficiency of the second section of
DMU 1 (α�0.1) for the first fuzzy value, the values of input, intermediate, and output are
changed according to Table 9:

In this section, an example was presented in order to evaluate the efficiency of the units
by the model introduced in the third section.

For various fuzzy αs, this approach was examined and the efficiencies were calculated.
For deficient units, the projections of efficiency were calculated. In this way, the necessary
changes can be made to improve the efficiencies.

Table 10 and Fig. 3 present the efficiency scoresmeasured by theNSBMmodel, theNEBM
model, the NCCRmodel (all of these three models are obtained from the article Tavana et al.
(2013)) and FNEBM model (12). The results from these four models show that the sixth
supply chain is the only efficient DMU. In addition, the result from the NCCR model also
indicates that the second supply chain is also efficient. Tavana et al. (2013) explained the
reason of this exception. Figure 3 also shows that the efficiency scores of the supply chains
obtained from the FNEBMmodel are between the efficiency scores obtained from the NSBM
and the NCCR models. Up to DMU 8, it is below than NEBM model, then for DUM 9 and
10 it is upper than NEBM model.
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Fig. 3 The overall efficiency scores of the DMUs for the four models

6 Conclusions and future research

Performance evaluation of the automotive industry is a challenging issue mainly because of
multi-dimensionality of the evaluation process together with existence of subjectivity and
imprecision which makes the decision making process subject to uncertainty.

Today, evaluation and improvement of the performance is considered as one of the effec-
tive factors in the success of every organization. Among the various indices, performance
evaluation is particularly important. The results obtained by this analysis help organizations
get an intuition of their units’ performance. In this way, they can improve their performance
by removing the causes of deficiencies. Currently, various methods have been introduced to
evaluate efficiency. The non-parametric DEA is one of the methods which have the highest
applications. This method is based on non-linear programming. Using this method, we can
calculate the relative efficiency of a set of homogenous decision-maker units that receive a
number of similar inputs and produce a number of similar outputs. In this way, their perfor-
mance can be compared with each other. By taking into account the shortage values in the
model and the fuzzy-making of inputs, outputs, and intermediate values, a model is presented
for the evaluation of the performance. This model divides units into two groups on efficient
and deficient units. Also, the causes of deficiency can be identified.

The contributions of this research can be stated as follows: (1) the model was made fuzzy
and was reformulated by fuzzy input, output, and intermediate values, (2) the overall efficien-
cies of DMUs were calculated, (3) the efficiencies of the sections (divisions) of DMUs were
calculated separately (divisional efficiencies). Also, the mean of these efficiencies (with dif-
ferent αs) was calculated, (4) the efficiencies of the layers of DMUs (supplier, manufacturer,
distributor, and customer) are calculated separately, (5) for deficient units, their correspon-
dent reference units are determined and (6) the images (contrasts-opposites) of deficient units
on efficiency border (limit) are obtained.

The suggestion of the researcher on the basis of the findings of study could be using
this method in various evaluations, for example using this method in reverse supply chain
(Govindan et al. 2015).Moreover, the usage of the suggestedmodel and the proposed solution
could be used in different supply chain. Furthermore, the fuzzy input and output were applied
to face the uncertainties. However, fuzzy constraints can apply to deal with uncertainties and
other fuzzy approaches for fuzzy modeling and non-definite data.
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