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We define a fuzzy multi-objective multi-period network DEA model customized to evaluate the dynamic performance of oil refineries in the presence of undesirable outputs. In particular, we use a standard fuzzy operator
to define the efficiency levels so as to integrate multiple objectives and periods of time within a unique maximization framework. Managers and decision makers are provided with a model characterized by its operational
simplicity that allows for the straightforward implementation of standard spreadsheet software. The model is
applied to a real-life case study, where the capacity of refineries to optimize their performance through the
refining process is analyzed together with the introduction of value-added products that preserve and enhance
the environmental dimensions of the refining process. The inclusion of a real-life case study aims at illustrating
the efficacy and applicability of the proposed method relative to those of more conventional models. Moreover,
the range of the time period covered allows us to analyze the evolution of efficiency beyond the standard twoperiod Malmquist framework generally considered in the literature dealing with the behavior of refineries.

1. Introduction
The global awareness regarding the importance of environmental
pollution as a cumulative potentially irreversible problem has increased
considerably in the recent years. The overexploitation of natural resources to enhance or preserve economic growth together with the
pollution resulting from the corresponding production processes cause
irreparable damages to the environment. Surmounting these problems
requires taking into account the environmental dimensions of production processes, which, for example, should explicitly incorporate the
reduction of pollution and environmental waste as a fundamental objective. In other words, production processes should aim at enhancing
environmental efficiency.
The oil and gas industry is a critical pillar determining the evolution
of several world economies, the Iranian one being a particularly relevant case. Indeed, oil and natural gas are the two the main factors
constituting the Iranian primary energy market. The history of the
Iranian oil refinery industry dates back to 1912, the year when the
Abadan refinery started its activity. By 2015 the share of crude oil and
natural gas used in the production of primary energy was equal to
54.51% and 4.44%, respectively. Over the last years, the development

⁎

and operation of gas reservoirs has led the proportion of crude oil to
decrease in favor of that of natural gas. Despite this fact, crude oil
continues to dominate the Iranian energy industry. A large part of crude
oil is exported without any processing though separation and oil refining operations are also applied to develop value-added products
exported to international markets. The main petroleum products exported by Iran in 2015 were fuel oil and gas oil with a total of 16.7 and
1.8 million liters (L) per day, respectively.
On the other hand, Iran is also an importer of key petroleum products such as (using 2015 data) gasoline engine (1.5 million L per day),
avgas 100 LL (1.2 million L per day), LPG (433 tons per day) and gas oil
(1 million L per day). Therefore, maintaining the current rate of consumption of petroleum products and performance of its nine refineries
would imply that substantial shares of foreign currency earnings obtained from crude oil exports would have to be allocated to supply the
imports of petroleum products. Clearly, the evaluation of refinery performance plays a key role in the transformation process required since
it would allow for the reduction of energy wastage and an improved
position in foreign markets.
Evaluating and comparing the performance of similar decision
making units (DMUs) is an important part of the management of
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refineries?
(c) How efficient are the technical and environmental performances of
the Iranian oil refineries?
(d) Which ones are the efficient and inefficient refineries through the
planning horizon considered?

complex organizations. Data Envelopment Analysis (DEA) is one of the
most powerful managerial techniques applied to measure the relative
efficiency of homogenous DMUs endowed with similar inputs and
outputs. Classic DEA models were originally defined by Charnes et al..
Subsequent developments in this research area have tended to concentrate on single objective DEA models with crisp evaluation data
considering a unique time period. In single objective DEA models only
one aspect of performance, i.e., variation in outputs or inputs, is evaluated across DMUs, preventing the incorporation of the decision maker's preferences within the structure of the model. In this regard, multiobjective DEA models have been designed to consider several objectives
simultaneously, which allows them to evaluate the performance of
different units across several quantitative and qualitative aspects, including the preferences of the decision maker.

In the current paper, which builds on the idea of common weights in
multi-objective DEA modeling from the work of Jafarian-Moghaddam
and Ghoseiri (2011), a fuzzy multi-objective multi-period common
weight network DEA framework is defined and customized to evaluate
the performance of oil refineries in Iran. Focusing on the common
weights of input and output variables allows the model to evaluate the
performance of DMUs while the data are being constantly modified
through a multi-period structure.
We will incorporate a variable measuring the complexity of a refinery to our model and evaluate its evolution through the years, which
provides a sense of dynamics, though the variables are not directly
linked across periods as is the case in standard dynamic DEA settings. In
this regard, the main objective of the model defined in the current
paper is to present a simplified customized compact structure that incorporates multiple periods within a common weight framework. As
will be illustrated through the literature review, most models analyzing
the behavior of refineries lack a wide-ranging dynamic structure, focusing mainly on the behavior of the Malmquist productivity index.
The model allows managers to determine subjectively the levels of
efficiency among DMUs per time period so as to reflect the heterogeneity of the processes or the emergence of particular requirements
among refineries. The use of a standard fuzzy operator to define efficiency levels within a multi-objective dynamic context constitutes one
of the main contributions of the current model. An immediate advantage of the model is given by its operational simplicity, incorporating a multi-objective dynamic structure within a unique maximization framework that is intuitively clear and allows for the
straightforward implementation of standard DEA software packages.
All in all, the main contributions of the current paper can therefore
be summarized as follows. We propose a dynamic multi-objective DEA
model to determine the weights of the inputs and outputs in a single
run; the corresponding efficiency scores are calculated through multiple
planning periods so as to incorporate to the analysis the dynamic nature
of inputs and outputs. A compromise solution is defined using fuzzy
mathematical programming to address the multi-objective problem.
The resulting framework enhances the discrimination power of DEA
models in dynamic environments and reduces their computational time
as well as the complexity of their implementation. Finally, we should
emphasize that the model proposed incorporates both technical and
environmental criteria that are omitted in the literature when evaluating oil refineries, a fact that is generally due to the lack of access to
the data required.
The remaining sections of the paper are organized as follows.
Section 2 reviews the main literature on the topic being studied. The
proposed multi-objective multi-period common weight fuzzy network
DEA model is presented in Section 3. The case study is described in
Section 4, while a discussion of the results obtained and a statistical

1.1. Preliminaries
The variability of oil prices observed in recent years has increased
the strategic repercussions following from the depletion of oil reserves
and their efficient use. In this regard, the processing of crude oil constitutes an essential feature determining the contribution of the oil and
gas industry to the economic development of countries. Thus, optimizing both the consumption and production of energy is essential for
the industrial evolution of a country such as Iran.
The complex structure encompassing the set of processes undertaken within a refinery must be accounted for when measuring and
suggesting potential performance and efficiency improvements. AlMuslim and Dincer (2005) describe the considerable complexity of the
distillation process performed and the outputs produced by a refinery.
Among the main features conditioning the efficient use of energy by a
refinery, Petrick and Pellegrino (1999) emphasize its configuration as
well as the costs of fuels and energy and their availability.
The consumption of fuels such as natural and refinery gas, as well as
that of light and heavy liquid fuel, is necessary for the refineries to
produce petroleum products and supply the heat required throughout
the crude oil refining process. However, the consumption of each of the
aforementioned fuels leads to a set of environmental pollutant gases
being formed. Table 1 describes the emission of pollutant gas resulting
from the consumption processes of the oil refinery industry through the
2004–2011 period. This table has been introduced to identify the main
trends in the amount of pollutant gases produced by the Iranian oil
refineries.
As Table 1 illustrates, the emission of pollutants derived from the
combustion of energy carriers in the oil refinery industry increased
through the 2004–2011 period, with the highest volume of pollutants
being directly related to carbon dioxide. As a result, we address the
following questions throughout this paper:
(a) How can the shortcomings of classic DEA models be overcome so as
to assess the performance of multi-period dynamic structures such
as oil refineries within a manageable formal framework?
(b) What are the main criteria that should be used to measure the
technical and environmental performance of the Iranian oil
Table 1
Emission of pollutant gases by Iranian oil refineries (1000 tons per year).

Carbon dioxide (CO2)
Carbon monoxide (CO)
Nitrogen oxides (NOx )
Sulfur dioxide (SO2)
Unburned hydrocarbons
Particles

2004

2005

2006

2007

2008

2009

2010

2011

11.671
0.3
19.8
13.9
0.7
0.9

11.100
0.3
19.0
14.8
0.7
0.9

12.634
0.3
21.2
23.3
0.8
1.3

12.930
0.4
21.8
22.9
0.9
1.3

12.816
0.3
21.6
16.1
0.6
0.9

11.923
0.3
20.3
16.2
0.7
0.9

11.786
0.4
20.3
13.1
1.1
1.0

11.786
0.3
19.8
14.6
0.9
1.0

Reference: Iran’s Hydrocarbon balance sheet, 2014.
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(Bevilacqua & Braglia, 2002; Oliveira, Cristina, & Carlos, 2007). The
literature has focused on oil and gas companies (Eller, Hartley, &
Medlock, 2011; Sueyoshi & Goto, 2012) as well as customer ratings
(Rocha & Netto, 2002), all of which have been respectively analyzed
using DEA. In recent years, DEA has been applied to measure environmental efficiency. For instance, Al-Najjar and Al-Jaybajy (2012)
evaluated the relative efficiency of oil refineries in Iraq through the
2009–2010 period. According to the results of 2009, 50% of the refineries were efficient, a percentage increasing to 58% in 2010. The
overall efficiency of the refineries analyzed over both years was equal
to 82% and 87%, respectively. Vijayakumar and Gomathi (2013) applied DEA and the Malmquist Productivity Index (MPI) to evaluate the
efficiency and performance of seven Indian refineries through the
1996–2011 period. All the refineries exhibited similar trends in their
improvement of productivity. All in all, the study aimed at measuring
the effect of economic reforms on the total factor productivity of the
refineries, which was estimated to have increased by 8.6% over the
period of analysis. Khalili-Damghani, Tavana, Santos-Arteaga, and
Mohtasham (2015) defined a customized DEA model for solving the
returns to scale problem in combined cycle power plants, which were
modelled as DMUs that consumed fuels to produce electricity and undesirable outputs in the form of emissions.
It should be emphasized that a well-established branch of the literature deals with two-period evaluation environments, as is for example the case of Prawiraatmadja (2002), who studied the efficiency of
Indonesian oil refineries from 1998 to 1999, and Mekaroonreung and
Johnson (2009), focusing on 113 American oil refineries between 2006
and 2007. As a result, a considerable amount of the models introduced
in the literature implement the Malmquist Productivity Index as the
main tool to analyze the dynamic efficiency of the DMUs, with the
corresponding scenarios ranging from multi-period two-stage production processes (Kao & Hwang, 2014) and fuzzy multi-period environments (Kordrostami & Jahani Sayyad Noveiri, 2017) to parallel production systems. We refer the reader to Kao (2014) for a wide-ranging
review of the dynamic DEA literature.
Finally, we would like to note that Sengupta (1995) was the first
author to define a dynamic DEA model and also designed several extensions throughout the years (Sengupta, 1999, 1996a, 1996b). Recent
extensions of dynamic DEA frameworks include, for example, models
such as that of Khalili-Damghani et al. (2015), who performed a dynamic multi-stage DEA analysis to evaluate the efficiency of energy
consumption in the cotton industry. In their model, farms consumed
resources (i.e., fertilizers, seeds, and pesticides) to produce cotton and
the inputs that were not consumed within a given time period were
carried over to the next period of the planning horizon.
To the best of our knowledge, there is no previous study involving
oil refinery industries in which their performance has been measured
through a multi-period dynamic DEA framework with common weights.
In the current paper, we develop such an analysis and apply it to a real
case study in Iran through a 4-years planning period.

analysis verifying the performance of the proposed approach are provided in Section 5. Section 6 discusses different managerial implications
arising from the framework of analysis presented in the paper. Section 7
concludes and suggests potential extensions.
2. Literature review
Farrell (1957) defined the seminal theoretical principles of performance measurement. Although strong and reliable, it took several years
to find practical ways to measure the performance of DMUs using these
principles. Stochastic frontier analysis was introduced in 1977 while
DEA, a linear programming method designed to measure the performance of homogenous DMUs with multiple inputs and outputs, was
defined by Charnes, Cooper, and Rhodes (1978). Multiple applications
of DEA models to production processes, services, project and investment selection, portfolio analysis, manufacturing, banking, insurance,
healthcare, and energy planning have been developed throughout the
years.
2.1. On multi-objective DEA models
Multi-objective DEA models designed to evaluate quantitative and
qualitative aspects of performance have received increasing attention
over the years. For instance, Halme, Korhonen, Salo, and Wallenius
(1999) compared the structure of several multi-objective DEA models
and concluded that the classic DEA one could be formulated as a multiobjective mathematical program. At the same time, Li and Reeves
(1999) introduced a multi-criteria DEA model that aimed at improving
the resulting distribution of weights. However, these models generally
consider static environments while we will be focusing on dynamic
multi-objective DEA settings, which are more suitable to address the
case study described throughout the fourth and fifth sections.
One of the main properties of multi-criteria DEA models is their
capacity to account for the subjective preferences of decision makers
(DMs). Golany (1988) presented a multi-objective DEA model in which
performance evaluation was determined by the preferences of the DMs.
Thanassoulis and Dyson (1992) designed a model that allowed for the
concurrent orientation of inputs and outputs in order to project inefficient DMUs towards the efficient frontier. Zhu (1996) defined nonradial DEA models that took into account the preferences of DMs. Chen
(2005) and Wong, Luque, and Yang (2007) developed multi-objective
DEA models that introduced limitations according to the criteria and
preferences of the DM. Lozano and Villa (2007) proposed a two-stage
procedure. In the first stage, the weights of inputs and outputs were
obtained applying the analytic hierarchy process and considering the
preferences of DMs. The second stage used the weights obtained and an
interaction method to define the resulting multi-objective DEA model.
Fuzzy scenarios have also been considered in the multi-criteria DEA
literature. For instance, Chiang and Tzeng (2000) presented a multiobjective DEA model where the objective functions were built on fuzzy
logic, while Yu, Tzeng, Tzeng, Yu, and Sheu (2004) proposed a model
that allowed for the use of imprecise data. Regarding applications to the
energy industry, Kanani (2014) used a fuzzy super-DEA method to
evaluate the evolution of efficiency across nine Iranian oil refineries
from 2013 to 2016. Khalili-Damghani and Shahmir (2015) proposed a
customized network DEA model to evaluate the efficiency of electric
power production and distribution processes in the presence of undesirable outputs and uncertain data. As will be the case in the current
paper, undesirable outputs such as pollution emissions are regarded as
inputs due to their detrimental impact on the environment.

3. Proposed fuzzy multi-objective multi-period common weight
network DEA model
3.1. Classic CCR-DEA model
We start by briefly revisiting the CCR model proposed by Charnes
et al. (1978). Consider DMUj, j = 1, … , n, which consumes m inputs
denoted by xij, i = 1, … , m, to produce s outputs denoted by yrj,
r = 1, … , s. The weight (relative importance) of input i is represented
by vi, and the weight assigned to output r is denoted by ur. The multiplier form of the input-oriented constant return to scale (CRS) linear
programming DEA model used to evaluate the relative efficiency score
of DMUo proposed by Charnes et al. (1978) is defined as follows:

2.2. Dynamic DEA applications to energy-related settings
DEA has been consistently used to measure industrial efficiency in
energy-related environments across a wide variety of countries
145
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Max

Zo =

ur × yro
r

(1)

through which the DMUs evolve.
Based on the above description, the multi-period dynamic common
weight DEA model is proposed as Model (13)–(16).

(2)

Max

(3)

... , Znt =

s.t.

ur yrj

vi x ij = 0,

r

j = 1. ..n

i

vi xio = 1
i
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0,
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0,

i = 1 . .. m

(4)

r = 1 . .. s

(5)

r

= {x| µ (x )

B

µ A (x )

(7)

(8)

(x ) = Min (µ A (x ), µ B (x ) )

3.3. Proposed model of this study
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(14)
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(16)
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(17)
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(9)

urt × yrjt

vt
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1

,

0

r
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1

Max {Min

ur yrn

s.t.
r
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Z tj , t = 1, ...,T is a convex combination of Z tR
and Z tL
j , i.e.,
j
tL
Z tj = . Z tR
+
(1
)
.
Z
,
t
=
1,.
..,T,
0
1
.
Then,
Model
j
j
(13)–(16) can be rewritten as Model (17)–(20).

The classic CCR-DEA model defined in Section 3.1 is converted into
the multi-objective CCR-DEA model (9)–(12)

ur yr 2

r

where T is the number of planning periods (t = 1, … , T), x is the i-th
input of DMUj in period t, y trj is the r-th output of DMUj in period t, vijt is
the weight of the i-th input of DMUj in period t, urjt is the weight of the rth output of DMUj in period t, and Z tj is the efficiency score of DMUj in
period t.
It should be emphasized that no direct connection exists between
the different time periods since DMUs do not interact with each other
across time. In this regard, the DMUs behave as independent units
consuming inputs and producing outputs per period of time. That is,
inputs and outputs are not transmitted across time periods and there are
no loops or feedbacks among them. The efficiency of a DMU must
therefore be calculated in relation to two main features: the behavior of
other DMUs per time period and the relative performance of the DMU
under assessment across different periods. Both these features require
defining a multi-period dynamic model.
In order to solve Model (13)–(16), the fuzzy multi-objective procedure proposed by Zimmerman (1991) is customized and applied. Assume that Z Rj and Z Lj stand for the values of the maximum objective
function Z j such that the degree of the associated membership function
is equal to 1 and 0, respectively. Fig. 2 illustrates Z Rj , Z Lj and their
associated membership values. Note that Z Rj and Z Lj can be determined
based on either the decision maker's preference regarding the upper and
lower bounds of the efficiency scores for each DMU or the single objective optimization of each DMU.
Suppose that µjt (Z tj ) = , t = 1, ...,T , and the objective function

(6)

1

}

ur yr1

× x int

, Zt2 =

t
ij

If A and B are two fuzzy sets defined on X, then, the membership
function of (A B )(x ) , for all x X , can be defined using the following
equation (Dubois & Prade, 1980; Kaufmann & Gupta, 1991; Klir &
Yuan, 1995; Zimmerman, 1991):

µA

×

xit 1

t
urt × yrn

vt
i i

urt

The α-cut of the fuzzy set A is the crisp set A that contains all the
elements of the set X whose membership grades in A are greater than
or equal to the specified value of α (Klir & Yuan, 1995)

A

r

× x ijt

vit

In 1965, Zadeh published his seminal paper on “fuzzy sets”. The
concept related to probable issues in the modeling of systems. He defined fuzzy sets in terms of a vague and imprecise frontier. Based on his
definition, membership in a fuzzy set is not a deterministic issue but a
matter of degree (Dubois & Prade, 1980; Kaufmann & Gupta, 1991; Klir
& Yuan, 1995; Zimmerman, 1991).
Let us assume that X is a space of positive real values associated with
a variable and x is a generic element of X. Mathematically, a fuzzy set
A in X is defined as the set of ordered pairs (Klir & Yuan, 1995).

0

vt
i i

urt × yrjt

vt
i i

3.2. Preliminary concepts of fuzzy sets

X},

urt × yrt 1

s.t.

where ɛ is the non-Archimedean value. DMUo is efficient if the associated objective function is equal to 1, otherwise it is inefficient. Model
(1) is a single objective problem in a static space that employs certain
data during a specified time period to evaluate the relative efficiency of
DMUs.

A = {x , µ A (x ) | x

r

Z1t =

(10)

vit

(11)

urt

(12)

1

× x ijt

0
0

Given the
lows that

All notations in Model (9)–(12) are similar to those in Model
(1)–(5). Model (9)–(12) is a multi-objective common weight DEA problem which calculates the efficiency scores of DMUs in a deterministic
framework. Throughout this section, we are going to extend this model
to a multi-period dynamic situation composed by a total of T (t = 1, … ,
T) planning periods. Fig. 1 describes the multi-period dynamic structure

,

, j = 1, ...,n ;

t = 1, ...,T

i = 1, ... , m ,

t = 1, ...,T

, r = 1 . .. s,
fact that Z tL
j =
Min µjt (Z tj ) =
j,t

t = 1, ...,T

(18)
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0,t = 1,. ..,T , and Z tR
j = 1,t = 1,. ..,T , it fol. Z tR
+
(1
)
.
Z tL
Hence, Model
j
j .

(17)–(20) is converted into Model (21)–(25).

Max { . Z tR
j + (1
s.t.
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Fig. 1. Multi-period dynamic structure of the DMUs.
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Finally, Model (33)–(39) is proposed to calculate the efficiency
scores of the DMUs in a multi-period dynamic fuzzy environment based
on a common weight methodology.
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i
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Since in Model (21)–(25) the value of objective function ranges
within the interval [0, 1], Model (21)–(25) can be reduced to Model
(26)–(31).
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, j = 1, ...,n ;
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i i

, j = 1, ...,n ;

0

(27)

Model (26)–(31) is a non-linear programming model due to term
v t × x ijt , which complicates the attainment of a global optimum
i i
solution. Hence, the variables exchange method described in (32) is
applied in order to make the model linear.

Fig. 2. Linear membership function for max objective function.
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0

(39)

1

American Petroleum Institute (API) index.

To summarize, Model (13)–(16) is a multi-objective mathematical
programming problem that cannot be solved directly given the conflicts
arising among the objective functions when trying to achieve their
optimal values. As a result, the efficiency scores of DMUs have been
introduced as a goal for each objective defined in Model (13)–(16).
Since only a subset of DMUs can reach an efficiency score of one, we
have defined an achievement level for each goal in form of a fuzzy set.
In particular, the concept of fuzzy achievement level has been applied
to each objective function. Then, the model has been transformed into a
maximization of the minimum fuzzy achievement level for all the objective functions. Formally speaking, we have applied the fuzzy maxmin operator to handle the multi-objective mathematical programming
model defined in (13)–(16), which has led to Model (33)–(39). This
latter model is a linear mathematical programming problem and its
global optimum solutions can be easily found using standard OR software. Model (33)–(39) has the following properties:

Refineries outputs include 2 main categories:

• Energy outputs: ratio of light to heavy products volume (m ).
• Non-energy outputs: percentage of wastes (permissible + non-per3

missible), co2 (Kg).

Fig. 3 provides a schematic description of a refinery as a DMUj in
period t.
The details regarding the calculation of inputs and outputs are
presented in Appendix A. All the data were annually retrieved through
the 2013–2016 planning period. The information required for the current research was gathered through the consolidated planning and coordination of Iran’s National Refining and Distribution Company and
the corresponding hydrocarbon and energy balance sheets. The amount
of CO2 emitted is highly related to the type of fuels used by the refinery.
To obtain the amount of gas emitted, one must first compute the
amount of fuels consumed and transform it in Tera-Joule. Then, these
values are multiplied by the different coefficients of CO2 emission that
are listed in the Table 2 for each fuel.

• Handles multi-period efficiency evaluations;
• Considers the dynamic nature of inputs and outputs;
• Assumes a common set of weights for the inputs and outputs for all
DMUs; and
• Applies the fuzzy Max-Min operator to handle a multi-objective

5. Results and discussion

mathematical programming problem.

The proposed model has been coded in LINGO. The value of the
objective function is given by α = 0.5957810, implying that the
minimum satisfaction level of all the fuzzy membership functions of the
DMUs (refineries) is equal to 0.5957810. At the same time, the proposed model has calculated a set of common weights for the inputs and
outputs through a multi-period dynamic scenario. Based on these
weights, it can be concluded that no DMU exhibits an efficiency score
lower than 0.5957810. The set of common weights obtained after
running the proposed model per year of planning is presented in
Table 3.
The efficiency scores obtained by the proposed model for all refineries through the whole planning period are presented in Table 4.
These results are compared to those derived from the classic CCR-DEA
model of Charnes et al. (1978). Both sets of efficiency scores have been
plotted Fig. 4.1 As illustrated both in Table 4 and Fig. 4, the DMUs that
are efficient according to the classic CCR-DEA model are also efficient
when considering the proposed model, highlighting the correct performance of the latter.
One of the limitations of the classic CCR-DEA model is its weak
discrimination power. This drawback arises when the number of output
and input parameters of the model is not sufficiently large, leading to
the evaluation of many units as efficient ones. The origin of this problem is directly related to the formation of the efficiency frontier. In the
classic CCR-DEA models, the efficiency frontier is built using the data of
the DMUs, but in the current model the units are initially disregarded
when creating the best efficiency frontier to which they are later
compared. As can be observed in our results, the proposed model delivers a lower number of efficient units when compared with the original DEA one. This feature demonstrates the improvement in discrimination power exhibited by the current model.
Fig. 5 plots the efficiency scores of both models per period of
planning, allowing us to compare the performance of both methods
point by point. From this figure, it can be concluded that the performance of the proposed model is considerably close to that of the CCRDEA one, while our model reduces the computational time, increases
the discrimination power, and enhances the determination of the
weights assigned to the inputs and outputs.
In this regard, the common weight calculations based on a multi

4. Data, variables and research method
In this study, the efficiency of 9 Iranian oil refineries through the
2013–2016 period is investigated using the proposed Model (33)–(39).
A refinery is assumed to be a DMU that consumes inputs to generate
outputs throughout multiple periods of planning.
The most important variables considered when evaluating the efficiency of the refineries were selected by collaborating with industrial
advisors for oil refineries and distribution companies and consulting
with industry experts in oil refining. The ratio of total light to heavy
products is used as output in the model, implying that increments in its
value could be associated with two main factors
(1) Nelson Complexity degree, which describes the amount of investment in the refinery process and the generation of lighter production aimed at creating higher value added by a refinery.
(2) API index, which represents the lightness or heaviness of the crude
oil food of each refinery.
Higher rates of any of these indices lead to an increase in the ratio of
light to heavy products. Thus, if we were to use the light to heavy
products ratio as an output, the structure of the refineries – reflected by
the Nelson complexity degree – and the quality of crude oil feeds –
reflected by the API index – should both be included as inputs to enhance the accuracy of the analysis. In other words, a higher light to
heavy products ratio may be mistakenly interpreted as an increase in
performance while it is indeed the result of a higher quantity of crude
oil feed or a more complex structure of the refineries. On the other
hand, changes were made to the structure of some refineries following
development and renovation projects that took place through the
period of analysis, modifying the corresponding Nelson complexity
degree of the Iranian oil refineries.
All in all, the inputs and outputs of a refinery are classified as follows.
Refinery inputs include 3 main categories:

• Energy inputs: refinery feed (m ), consumed energy (Kcal), fuel (TJ
of heating value generated).
• Non-energy inputs: staff (persons).
• Technical inputs: complexity degree (Nelson Complexity Index),
3

1
The name of the refineries have not been reported due to the anonymity
policy of the Oil Ministry of Iran.
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INPUTS
•
•
•
•
•

OUTPUTS

Feed
Energy Consumption
Fuel
Personnel (staﬀ)
Degree of Complexity
API

•
•
•

Ratio of light to
heavy Product
Waste (Non
Permissible CO2)
Permissible CO2

Fig. 3. Schematic view of a refinery (DMU).

5.1. Statistical analysis and performance of the proposed model

Table 2
Coefficient of CO2 emitted from refinery fuels.
Kind of fuels

Coefficient of emission (KG/TJ)

Gas oil
Fuel oil
Natural gas
Refinery gas
LPG

74,100
77,400
56,100
51,300
63,100

Even though the advantages described suffice to justify the suitability and efficacy of the proposed model, several statistical tests are
implemented to illustrate the superiority of its mean performance relative to that of the classic CCR-DEA model. The Kolmogorov-Smirnov
test is initially performed to check whether the efficiency scores delivered by both methods fit a normal probability distribution. Fig. 6
shows the result of the normality test on the efficiency scores derived
from the proposed model.
According to the results of the Kolmogorov-Smirnov test, the p-

Reference: IPCC website*.

Table 3
Common Weights of Inputs and Output during the planning period.

Inputs

Outputs

Feed
Complexity Degree
API
Consumed Energy
Wastes*
Fuel
Staff
CO2 *
Ratio Light to Heavy

Common weights

2013

2014

2015

2016

V1
V2
V3
V4
V5
V6
V7
V8
U1

2.05431E−05
0.04179511
0.002652613
3.33658E−06
0.01594156
0.000001
0.000001
6.82E−06
0.9619022

0.000001
0.000001
0.04822507
1.52798E−06
0.000001
0.000001
0.000322617
1.00E−06
0.9895983

0.3700119
0.000001
4044.995
0.000001
19983.19
0.000001
5.274407
1.00E−06
65692.31

1.21E−05
0.3257306
0.2100995
1.00E−06
0.7850978
1.00E−06
2.29E−05
1.00E−06
4.048667

* Undesirable output.

Table 4
Comparison of Results from the Proposed Model and the Classic CCR-DEA one.
DMU

DMU1
DMU2
DMU3
DMU4
DMU5
DMU6
DMU7
DMU8
DMU9

Results for CCR-DEA Model

Results for Proposed Model

2013

2014

2015

2016

Average

2013

2014

2015

2016

Average

1
0.8
0.84
1
0.71
1
1
1
0.91

0.91
0.69
1
0.83
0.75
0.91
1
0.31
0.82

0.86
0.52
0.62
0.75
0.48
0.59
1
0.57
0.66

0.61
0.59
0.64
0.94
0.7
0.73
1
0.51
0.85

0.845
0.65
0.775
0.88
0.66
0.8075
1
0.597
0.808

0.61
0.6
0.6
1
0.6
0.82
0.99
0.85
0.6

0.6
0.69
0.72
0.92
0.7
0.63
1
0.6
0.66

0.6
0.86
0.63
1
0.79
0.6
1
0.6
0.69

0.6
0.75
0.76
1
0.83
0.6
1
1
0.77

0.6025
0.725
0.6775
0.98
0.73
0.6625
0.9975
0.7625
0.68

value in 2013 is lower than the significance level of 0.05, implying that
the efficiency scores of the proposed methods in 2013 do not follow a
normal distribution. Thus, the non-parametric Kruskal-Wallis test is
used to compare the means of the efficiency scores of both methods in
2013. The corresponding results are presented in Table 5, where it can
be observed that the p-value is lower than 0.05, which implies that the
null hypothesis must be rejected. That is, the mean of the efficiency

objective mathematical programming problem defined through a multiperiod planning horizon allow us to determine the efficiency scores of
the units in a single run and decrease the computational efforts required
since we must solve only one model instead of n × T. These advantages
also reduce the time required for the preparation and running of the
model, minimize human errors, and improve its readability and simplicity.
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scores of the proposed model and that of the classic CCR-DEA model are
different in 2013.
Fig. 6 illustrates how the results of the Kolmogorov-Smirnov test
validate the normality of the efficiency scores in 2014, 2015, and 2016.
Therefore, an analysis of variance (ANOVA) is performed to compare
the means of the efficiency scores obtained from both methods during
these years. The results of the ANOVA test are presented in Table 6,
where it can be observed that all the p-values are greater than 0.05.
Thus, the null hypothesis is not rejected. That is, there is not enough
evidence to reject the equality of the means of the efficiency scores
provided by both methods in the years 2014, 2015, and 2016. This
result validates the performance of the proposed model. In addition,
0.95 confidence intervals have also been calculated for all the planning
periods and the results are presented in Table 7, validating the equality
of the means of the efficiency scores provided by both methods in the
years 2014, 2015, and 2016.

(a) Classic CCR-DEA Model

5.2. Interpreting the efficiency scores in both models
Table 8 presents the efficiency scores and their averages in both
models (i.e., the classic CCR-DEA and the proposed Fuzzy Dynamic
Multi-objective DEA (FDM-DEA)) per year of the planning period. Note
that the efficiency scores of DMU4 and DMU7 in both models are higher
than the average of the refineries in all time periods, while the average
efficiency scores of DMU2, DMU3, and DMU5 are lower than the average
of the refineries over the whole planning period.
Plotting the efficiency scores obtained from both methods provides
quite interesting insights. The CCR score can be interpreted as a shortterm efficiency value since the classic CCR-DEA model must be run
separately for each period of planning and each DMU. That is, the CCRDEA model cannot account for multiple periods of planning or the effect
of variations in inputs and outputs taking place during several periods.
In contrast, the FDM-DEA model can handle long term effects derived

(b) Proposed FDM-DEA Model
Fig. 4. Results of the classic CCR-DEA model when compared to the proposed
model.
1

1

0.95

0.9

0.9

0.8

0.85

0.7

0.8

0.6

0.75

0.5

0.7
0.65

0.4

0.6

0.3

CCR-DEA

CCR-DEA

FDM-DEA

2013

FDM-DEA

2014
1

0.97

0.95
0.9

0.87

0.85
0.8

0.77

0.75
0.7

0.67

0.65
0.6

0.57

0.55
0.5

0.47

CCR-DEA

CCR-DEA

FDM-DEA

2015

2016
Fig. 5. Comparing the efficiency scores of both models.
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Fig. 6. Kolmogorov-Smirnov normality test.

Fig. 7 illustrates the average efficiency scores from both the CCR-DEA
and FDM-DEA models for all refineries during all planning periods. As can
be observed, about 70% of all refineries exhibit CCR-DEA (short-term) efficiency scores lower than the average one. On the other hand, about 70%
of all refineries have FDM-DEA (long-term) efficiency scores greater than
the average one. This means that, although the average short-term efficiency score per period of planning was generally low in most refineries,
their long-term performance through the whole planning period was acceptable.
Unfortunately, the absence of a reference point in Fig. 7 implies that
clusters cannot be identified so as to perform further analyses. Fig. 8
presents more interpretable information. It describes the deviation of
the average efficiency score per refinery from the overall average derived from both the CCR-DEA and FDM-DEA models throughout all
planning periods. The horizontal axis in Fig. 8 shows the deviation from
the average efficiency scores obtained using the CCR-DEA model. Similarly, the vertical axis in Fig. 8 presents the deviation from the
average efficiency scores obtained using the FDM-DEA model. Based on
this analytical framework, four different classes can be identified.
In the first class, both efficiency deviations derived from the CCRDEA and FDM-DEA models are greater than the average. This class is
located on the top-right quadrant of Fig. 8, implying that both the shortterm and the long-term efficiency scores in these refineries were better
than the average. These two refineries have shown reliable performances in both time frameworks.
In the second class, the efficiency deviations derived from the CCRDEA model are lower than the average, while those derived from the FDMDEA model are greater than the average. This class is located on the topleft quadrant of Fig. 8. Only one DMU is categorized in the second class.
The short-term efficiency scores of this refinery were weaker than the
average while its long-term performance was better than the average one.
In the third class, the efficiency deviations derived from the CCRDEA model are greater than the average, while those derived from the
FDM-DEA model are lower than the average. This class is located on the

Table 5
Results of the Kruskal-Wallis Test for the Year 2013.
Group

N

CCR-DEA Model
9
Proposed Model
9
Overall
18
H = 4.49DF = 1P = 0.034
H = 4.72DF = 1P = 0.030 (adjusted

Median

Average Rank

Z

1.0000
0.6100
–

12.2
6.8
9.5

2.12
−2.12
–

for ties)

Table 6
Results of the ANOVA Test for the Years 2014, 2015, and 2016.
Source

Degree of freedom

Sum of square

Mean square

F

P-value

Year 2014
Group
1
0.0272
Error
16
0.5219
Total
17
0.5492
S = 0.1806 R-Sq = 4.96% R-Sq(adj) = 0.00%

0.0272
0.326
–

0.84
–
–

0.374
–
–

Year 2015
Group
1
0.0307
Error
16
0.4287
Total
17
0.4594
S = 0.1637 R-Sq = 6.68% R-Sq(adj) = 0.85%

0.0307
0.0268
–

1.15
–
–

0.271
–
–

Year 2016
Group
1
0.0307
Error
16
0.4287
Total
17
0.4594
S = 0.1637 R-Sq = 6.68% R-Sq(adj) = 0.85%

0.0307
0.0268
–

1.15
–
–

0.343
–
–

from variations in inputs and outputs as it computes the efficiency
scores of the DMUs through all the periods of planning in a single run.
Thus, the efficiency scores derived from the FDM-DEA model can be
interpreted as long-term efficiency values describing the average performance of a refinery throughout the planning horizon.
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Table 7
95% Confidence Intervals.

Table 8
Best and Worst Refineries per Year according to both Models.
Abadan
DMU1

Tehran
DMU2

Isfahan
DMU3

Tabriz
DMU4

Shiraz
DMU5

Kermanshah
DMU6

Lavan
DMU7

Arak
DMU8

Bandar Abbas
DMU9

Average

2013
FDM-DEA
CCR

0.61
1

0.6
0.8

0.6
0.84

1
1

0.6
0.709

0.82
1

0.99
1

0.85
1

0.6
0.902

0.74
0.92

2014
FDM-DEA
CCR

0.6
0.91

0.69
0.69

0.72
1

0.92
0.83

0.7
0.75

0.63
0.91

1
1

0.6
0.31

0.66
0.82

0.72
0.8

2015
FDM-DEA
CCR

0.6
0.86

0.86
0.52

0.63
0.62

1
0.75

0.79
0.48

0.6
0.59

1
1

0.6
0.57

0.69
0.666

0.75
0.67

2016
FDM-DEA
CCR-DEA

0.6
0.61

0.75
0.59

0.76
0.64

1
0.94

0.83
0.7

0.6
0.73

1
1

1
0.51

0.77
0.85

0.81
0.73

0.725
0.65

0.678
0.774

0.98
0.9

0.73
0.658

0.663
0.807

0.998
1

0.763
0.596

0.68
0.808

0.76
0.78

Average of Planning Period
FDM-DEA
0.603
CCR-DEA
0.845

bottom-right quadrant of Fig. 8. Three DMUs are categorized in the
third class. The short-term efficiency scores of these refineries were
better than the average while their long-term performances were
weaker than the average one.
In the fourth class, both efficiency deviations derived from the CCRDEA and FDM-DEA models are lower than the average. This class is
located on the bottom-left quadrant of Fig. 8. Three refineries are categorized in the fourth class, implying that both their short-term and
long-term efficiency scores were weaker than the average one.
Based on these findings, the refineries composing the first class can
be considered as a suitable benchmark for other refineries, especially
those located within the fourth class. Moreover, a comparison with the
results presented in Fig. 7 illustrates how incorporating future sequential periods of planning can provide a more adequate analysis regarding the performance of the refineries.

6. Managerial implications
We have applied the model defined in the current paper to measure
the performance of nine Iranian refineries through the 2013–2016
period. The results obtained are valuable to understand the fluctuations
in their efficiency, which are particularly relevant to evaluate the
management of capital and energy resources as determinants of the
productivity of the factors of production. We should emphasize that a
coherent dynamical pattern is implicitly defined by the complexity
degree variable as it evolves through the years. Though lacking direct
links across periods such as those defined in the models of Tone and
Tsutsui (2010, 2014) and Santos Arteaga, Tavana, Di Caprio, and Toloo
(in press), we have focused on defining a customized compact structure
that incorporates multiple objectives and periods within a unique
common weight framework. Moreover, we have had access to data
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Fig. 7. Average efficiency scores: long term VS short term.

regarding variables from the Iranian refinery industry that are not
generally available in the literature, which, together with the range of
the time period covered, has allowed us to analyze the evolution of
efficiency beyond the standard two-period Malmquist framework.
When considering the capacity of managers to interact with the
model, we have stated that the values of the objective functions can be
determined by the preferences of the decision makers and, as such,
could be subjectively modified to reflect the heterogeneity of the processes or the emergence of particular requirements among refineries. A
similar intuition applies to the subjective definition of the different
levels per objective function and time period. Thus, managers and decision makers are provided with a maximization model – which incorporates a multi-objective dynamic structure – characterized by its
operational simplicity, allowing for its straightforward implementation
using a standard spreadsheet software.
In this regard, managers can easily build on the current research and
incorporate additional evaluation criteria conditioning the performance
of the refineries so as to increase the accuracy of the efficiency measures obtained. Given the subjectivity inherent to many of the criteria
selected and analyzed by managers, the introduction of uncertainty or
vagueness among a subset of the selected characteristics could also be
easily formalized within the current framework. Finally, the temporal
range of the analysis allows managers to consider the effects that different structural modifications have on the resulting efficiency of the
units across time periods.

sector plays a fundamental strategic role in the Iranian economy, requiring a continuous evaluation of the long term efficiency of its oil
refineries. Hence, a multi-objective common weight multi-period dynamic fuzzy network DEA model has been introduced to measure the
relative technical and environmental efficiency of several Iranian refineries. The proposed framework exhibits substantial performance
advantages when compared with a classic CCR-DEA model through a
time period comprising four years. These advantages range from its
multi objective dynamic nature, which improves its discrimination
power, to the simplifications implemented reducing the time required
to manage and run the model.
Moreover, previous studies generally focus on the information
provided in the balance sheets of refineries and do not include all the
inputs and effective outputs when computing their relative performances, resulting in incomplete evaluations. In particular, previous
studies use the ratio of total light to heavy products, disregarding some
indices such as the quality of crude oil feeds, CO2 emissions, and
changes in the complexity degree of refineries taking place during the
years of planning. In the current paper, all of these indices have been
taken into account when evaluating the efficiency performance of the
refineries. Future papers should therefore aim at comparing the technical and environmental efficiency of oil refineries across different
Middle East countries, providing a consistent analysis of the progress
made by the region in such a strategic industry.

7. Conclusion and further research directions
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Fig. 8. Deviation from average efficiency scores: long term VS short term.

Appendix A. Details of input and output calculations
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