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A B S T R A C T:

Introduction: One of the largest proportions of human-related air pollution 
is produced by fossil-fuel based electricity generation units. Hence, the envi-
ronmental performance that complies with technical performance receives in-
creasing attention and seems to be the missing point in environmental impact 
analysis and energy policy studies. Therefore, empirical analysis which leads 
to increasing awareness of official policy makers concerning the technical 
and environmental trade-offs is the objective of the study in the electric gen-
erating sector by applying a two-stage Data Envelopment Analysis (DEA). 
Materials and Methods: In the first stage the DEA incorporates Materials 
Balanced Principle (DEA-MBP) to estimate the allocation of gas, mazut and 
gas oil of steam plants to minimize inputs and SO2 emissions respectively 
with the given technology. It is then followed by applying Ordinary Least 
Squares (OLS) applied in the second stage investigate the other explanatory 
variables which may influence the efficiency and were not properly consid-
ered in the first stage analysis. 
Results: The results evident that there is considerable gap between technical 
and environmental efficiency (76% and 10% respectively) scores. The impact 
of most important explanatory variables in the second stage clearly demon-
strates that plant sizes and fuel type have significant influence while plant age 
and the year of observation have no statistically significant influence on the 
technical and also environmental efficiencies of steam power plants.
Conclusions: Advancement in interdisciplinary research helps to increase 
technical efficiency while reducing emissions by applying analytical meth-
ods, which may provide better information for decision making units. Hence, 
it is the management’s responsibility to improve efficiency by modifying 
regulation and competition performance in this respect.  
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INTRODUCTION
Energy efficiency should be given more attention 
to ensure that technically available energy fulfills 
the needs of economic growth and sustainable 
development. Efficient energy production seems 

mandatory for the future generation. Like other 
developing countries, fossil fuels play an impor-
tant role as the major energy sources in power 
generation in Iran [1]. Iran, with an area that is 
roughly 1,648,000 Km2, is located in the heart of 
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the Middle East and is also the one among the 
countries with the largest oil and gas reserves in 
the world. Iran is a member of the Organization 
of the Petroleum Exporting Countries (OPEC), 
and ranks among the world’s top three holders of 
both proven oil and natural gas reserves. 
Power industry in Iran is owned, operated and 
administrated by the Ministry of Energy (MOE), 
Iran. By 2012, Iran with about 67GW installed 
nominal capacity was ranked first in the Middle 
East countries and 15th in the world [2]. Most of 
the power plants in Iran are using non-renewable 
sources such as natural gas, fuel oil and diesel to 
generate electricity. In 2006, steam power plants 
using those fuels have a capacity of 15,598 MW, 
which is equivalent to 29.5 percent of the over-
all installed capacity and this amount represents 
45.4 percent of the total thermal electricity gen-
eration in the country (Ministry of Energy, 2009). 
Steam power plants also have the largest share 
of electricity generation (91.1 billion kWh) while 
the lowest (0.2 billion kWh) comes from diesel 
power plants (Iran Central Bank, Annual Report, 
2007/8).
Improving energy efficiency is the most impor-
tant concern in most developing countries all 
around the world and there are ample studies on 
this subject regarding technically efficient imple-
mentation of energy production, economically 
viable and environmentally efficient in terms of 
pollution reduction. In general, huge amount of 
air pollutants are produced by thermal power 
plants operated using fossil fuels. The problem 
arises where during cold seasons in Iran when 
the residential usage of natural gas is maximized, 
the national gas pipeline pressure drops, power 
plants have to switch their fuel type from one to 
other types of fuels such as fuel oil and diesel. 

However, sulfur dioxide (SO2) is one of the ma-
jor air pollutants from these heavy fuels and coal 
in the electricity generation industry. High pro-
portion of SO2 has significant impact on human 
health(United States Environmental Protection 
Agency)  and harmful effects on the environment 
and thus, to increase the ecological efficiency, 
particular measures should be taken [3] and one 
of the most important pollutants in the electric 
industry. However, it could not be the sole mea-
sure of environmental performance. In 1998, it 
has indicated that the definition of environmental 
performance includes a wide scope and therefore, 
selecting a single performance indicator or even 
the entire ones would be an insufficient measure 
for a plant’s environmental performance [4]. The 
assessment of environmental performance and 
waste management study suggested that one way 
to measure environmental performance is to as-
sess the relevance of actions adopted, which 
results in improvements of the interest gauged 
[5]. Based on this insight and mainly due to its 
most important air pollutions from heavy fuels in 
steam plants reducing pollution from production 
system seems necessary. Therefore, in the elec-
tricity generation industry an efficiency analysis 
which considers the SO2 content of different fuel 
inputs can help identify appropriate technical 
and environmental trade-offs. Though based on 
several national agreements to reduce emissions 
have considered SO2 as an appropriate proxy for 
environmental performance, as being carried out 
in this study and is recognized as one of the main 
pollutants emerging from the power sector that 
justifies the pressure for its reduction, and it is 
necessary for a power plant to find an effective 
solution to achieve it [6]. Hence, consciousness 
of this air pollutant from different fuel input per 
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unit of electricity generation consider necessary 
to assess the possible environmental tradeoffs in 
selecting the best policy for the future. 
The potential deterioration of ecosystems and the 
harmful impact on human health caused by sul-
fur dioxide have brought a serious and increas-
ing concern of the government and especially for 
the energy sector to formulate incentive plans for 
the generating plants in order to reduce the pol-
lutants.  In Iran, several national agreements to 
reduce air pollutions have been established and 
many rules and regulations were passed in the 
third and fourth national development plans such 
as Article 15 of air pollution prevention law(Air 
Pollution Prevention Law, for emission standards 
of factories and workshops passed in the year 
2003) which prescribed the maximum amount 
of allowable SO2 emissions by the power plants, 
and also Article 121 (2000) which was validated 
and extended in the fourth national development 
plan in the third 5-year national development 
plan. Executive by-laws for paragraph (c) of ar-
ticle 104 and article 134 of the law of the third 
economic, social and cultural development plans 
of Iran was also ratified by the Department of the 
Environment (October 2001), which determined 
the monthly fines for extra discharge of pollut-
ants into the environment. Moreover, Article 20 
(2004) emphasized the emission reduction out of 
fuel consumption by all possible means.
Based on the above discussions, this study em-
barks on considering and estimating the techni-
cal and environmental efficiency analysis of the 
steam power plants which are using different fuel 
mixtures, mostly heavy fuels, especially in win-
ters and autumns when the polluted air  is trapped 
under the cold weather and cause serious envi-
ronmental and social problems. 

This study also provides an insight for energy 
policy making at micro and macro levels (indi-
vidual plants and public policy makers) analyz-
ing the technical and environmental trade-offs 
applying DEA-MBP methodology [7, 8], which 
was applied for the United States steam plants to 
illustrate whether the procedure is applicable to 
specific decisions for individual plants [9]. Our 
analysis takes a step further by applying Ordi-
nary Least Square (OLS) in the second stage for 
the first time to investigate the degree to which 
various factors influence the technical and envi-
ronmental efficiency levels.  This study follows 
by using the two-stage DEA estimation methods 
and then applying OLS in the second stage of 
the analysis and discussion [10]. Our study uses 
seasonal data for the last three years leading to 
the removal of fuel subsidies in Iran aiming at 
developing a study of technical and environ-
mental efficiency of steam electricity utilities in 
Iran to highlight the role of the most important 
factors.
The rest of the paper is as follows: Section 2 is 
designed to address the Data Envelopment Anal-
yses (DEA), Materials Balance Principle (MBP) 
and the extended DEA-MBP theory followed by 
the use of least square method in second stage of 
DEA analysis. In addition, this section concisely 
explains the most recent studies on incorporation 
of certain explanatory variables such as plant age, 
size, and fuel types to elaborate the impact of ex-
planatory variables on the efficiency level. Sec-
tion 3 presents the methodology undertaken in 
the study. Descriptive statistics and the results of 
the technical and environmental efficiency analy-
sis are discussed in this section followed by the 
findings in section 4. Finally, we draw some con-
cluding remarks and policy insights in Section 5.
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MATERIALS AND METHODS
This study aims to estimate allocations of gas, 
fuel oil and mazut to minimize SO2 emissions 
applying Data Envelopment Analysis which in-
corporates the material balance principle. Find-
ing also would point out significant information 
to specify appropriate policy to consider new 
incentive systems in power generation industry 
of Iran. As indicated in the previous section, the 
main methodology of this research is a two-stage 
DEA-MBP application. Here, we briefly address 
the advantages and the literature related to this 
methodology.

Overview of DEA-MBP theory and methodol-
ogy
Data envelopment analysis
DEA is fundamentally based on the work done 
by Farrell [11] and extended by Charnes, Cooper 
[12] and Banker et al. [13]. Based on the basic
concept of efficiency revealed by Fare et al. [14],
an efficiency measures how well a firm succeeds
in transforming inputs into outputs according to
the plant’s behavioral objective.  The efficiency
of each Decision Making Unit (DMU) is  mea-
sured as the maximum of the ratio of weighted
outputs to weighted inputs [12]. DEA provides
benchmark indices for a given industry or sub-
units in a firm to  evaluate the relative productive
efficiency of its DMUs [15]. However, research-
ers have realized the need to modify the tradition-
al methods of productivity and efficiency analy-
ses in order to allow for better monitoring and
evaluation performances of firms and their pro-
duction processes and also to integrate environ-
mental concerns into the standard technical effi-
ciency measures [7, 16-22]. Thus, DEA has been
widely used in performing empirical efficiency

(or productivity) analyses to construct composite 
indictors for benchmarking and policy evaluation 
especially when the units (DMUs) applied mul-
tiple inputs to produce multiple outputs [23-25]. 
DEA methodology is also applied to examine the 
relationship between technical and environmen-
tal efficiency [26]. DEA was also implemented 
to measure the environmental efficiency and total 
factor productivity applying Malmquist produc-
tivity index [27].
Returns-to-scale is another property that can 
be handled by DEA. Constant returns-to-scale 
(CRS) assumption demonstrates that there is no 
significant relationship between the scale of op-
erations and efficiency pre-supposed by the CCR 
(Charnes, Cooper and Rhodes) model, which de-
livers the overall technical efficiency (OTE) [12]. 
However, firms or DMUs in practice might face 
either economies or diseconomies of scale [28]. 
In essence, CCR would be the main model de-
ployed in this study.

Materials balance principle (MBP)
This section addresses a new principle recently 
added to DEA literature. During the last decade, 
when preservation of environment gradually 
became one of the main humankind concerns, 
undesirable products such as pollutants out of a 
system, analysis of the relevant issue has become 
a new entry towards every performance measure-
ment methods. According to the law of conserva-
tion of mass which dated back to 1789 by Antoine 
Lavoisier’s, mass is neither created nor destroyed 
in chemical reactions [29]. However, to embrace 
the comprehensiveness of an efficiency measure-
ment study, it is necessary to include some vari-
ables which cannot be included in a DEA kind 
of measurement system but are useful to explain 
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dark angles of the analysis.
Therefore, incorporating pollutant as an outcome 
of the production process in the materials balance 
recognized as preferable approach for an envi-
ronmental activity analysis. Using the term “out-
come” refers both to the balancing item acquired 
through applying the MBP and to the more gen-
eral concept of environmental outcome.
Later on, an environmentally optimal allocation 
of inputs investigated  by Reinhard [30] is contin-
ued debating on input-oriented approach instead 
of a materials balance concept of  production 
efficiency models [31]. In 2007,  a study which 
applied the Lauwers et al. (1999) suggested the 
analytic similarity method in achieving the en-
vironmental and economic objectives, which 
were derived from an analogous model as for 
the economic efficiency measurement [8]. Then, 
the Materials flow coefficients concept has been 
extended towards eco-efficiency [21]. Finally, it 
was clearly demonstrated that viability problems 
would not be properly tackled without applying 
the material balance condition [7, 8]. 

DEA-MBP approach
As the environmental side effects have become 
the central part of public and political discussions 
during the past two decades, researchers have 
realized the need to modify traditional methods 
of productivity and efficiency analysis to inte-
grate environmental concerns into the standard 
technical and economic efficiency measures [7]. 
All physical systems would be identified in the 
material balance flow. Material flows recognized 
by accounting for material entering and leaving 
of the system. Thus, engineering and also envi-
ronmental analysis widely rely on the mass bal-
ance concept and mathematical models remains 

incompatible especially when undesirable output 
taking into account.  Hence, DEA researches ef-
forts have begun to develop new methods that 
would represent promising new avenues for 
considering the material flows. Finally, in 2005,  
Coelli successfully employed the analysis of both 
economic and environmental inputs and out-
puts in DEA-Materials Balance Principle model 
(DEA–MBP) [9]. Coelli (2005) mentioned that 
by considering fixed output vector (y), surplus 
or undesirable output will be minimized when 
the aggregate surplus (pollutant) content of the 
inputs is minimized. This would be in contrast 
with previous studies which indicated a reduc-
tion in pollution can only occur by increasing 
in one or more traditional inputs or reduction 
in one or more traditional output. Based on the 
new environmental efficiency measures defined 
by Coelli [7], environmental efficiency (EE) of 
a firm is equal to the ratio of technically possible 
minimum pollution over the observed pollution 
whereas TE refers to the minimum input needed 
to produce one unit of output . This efficiency can 
be scaled between zero and one, with a value of 
one indicating full environmental efficiency. This 
modeling pollution is mathematically consistent 
with the materials balance condition and allows 
for technical and environmental trade-offs inher-
ent in energy production as well.
DEA- application in the electricity generation
In 1994, Golany and Roll were the first who con-
sider pollution variable in DEA methodology 
[32]. Since then many such studies have been 
carried out and incorporated in their literature 
survey on DEA with respect to energy and en-
vironment [33]. Integrating MBP environmental 
considerations into economic and energy policy 
sector represents a major objective of electric-
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ity generation utility companies throughout the 
world. In 2009, DEA-MBP methodology was 
first applied by Welch et al. in US electricity gen-
eration companies demonstrating the economic 
and environmental tradeoffs among the different 
types of fuels which are applied by these plants 
[34]. The study indicated that both cost and car-
bon efficiency of many plants on the production 
frontier could be improved by changing their 
mixture of fossil-fuel inputs. Following that, 
Färe, Grosskopf [35] applied a network technol-
ogy approach to incorporate MBP into direc-
tional distance function models to measure U.S. 
coal-fired power plants eco-efficiency. A similar 
study was conducted over a 10-year period from 
1985 to 1995 on 92 U.S. coal-fired power plants 
by introducing new approach which rectified the 
shortcomings of the past models [36]. 
The least squares method in the second stage of 
DEA efficiency analysis is discussed in the next 
section.

Least squares DEA for efficiency analyses 
It is common to analyze efficiency in two stages 
to investigate the degree that various factors in-
fluence efficiency levels, i.e. DEA can be used to 
estimate efficiency in the first stage and regres-
sion analysis in the second stage to study the fac-
tors which might influence efficiency scores. 
Some procedures have been developed, which 
have taken into account the relevant factors that 
influence efficiency during DEA analysis in the 
second stage [37-39]. The two-stage procedure in 
terms of simplicity and the way it is interpreted 
seems appealing. Then, another study showed 
that the efficiency score are fractional data and 
hence neither censored nor corner solutions; the 
generating process can be better described as a 

normalization process [40]. Hoff [41] in his par-
ticular example has compared the within-sample 
prediction performance (or fit) of two-Limit Tobit 
(2LT), OLS, a Quasi-Maximum Likelihood Esti-
mation (QMLE) by using Papke and Wooldridge 
[42] model and also the unit-inflated bet model
of Cook et al. [43] which came to the conclusion
that OLS performance is at least the same as oth-
er applicable methods.
Banker and Natarajan [44] built on the path-
breaking paper of Banker [45] in which Banker
provided a formal statistical basis for two-stage
analysis. The paper also represented a consider-
able advance by applying DEA linear program-
ming in the first stage and OLS in the second
stage for DEA efficiency analysis [44]. Finally,
it has argued that DEA efficiency scores are a
particular kind of fractional or proportional data
and found that OLS can provide an unbiased,
consistent estimator, and, can be undertaken as
a valid method if heteroskedasticity is allowed
for hypothesis testing [10]. Thus, a careful OLS
analysis will often be sufficient and merits to be
used in familiar and easy to compute methods.
Important factors affecting technical and envi-
ronmental efficiency are presented and discussed
in the following section.

Factors influencing power plant efficiency
A number of authors have examined the power 
plants’ technical inefficiency determinants (plant 
ownership, plant age, plant size, fuel type, plant 
type and also changes through time or time trend) 
since the early 1970s by mostly concentrating on 
the ownership but less emphasis on plant age and 
size and also fuel type in past studies due to their 
objective which was to maximize profits instead 
of public and environmental services [46-58]. 
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Hence, our study took a further step to examine 
the most important explanatory variables which 
influence the environmental efficiency in elec-
tricity generation facilities. Environmental policy 
debates are often more contentious and hence the 
key to making a good policy decision is a clear 
understanding of the evidence which is linked to 
efficiency regulation, to competitiveness, and en-
vironmental outcomes. Therefore, since the ma-
jority of power plants in Iran are produced under 
direct governmental supervision and ownership, 
our study does not aim to consider ownership 
characteristics here.

Two stage DEA-MBP analyses 
The main methodology of this study is an appli-
cation of a two stage DEA-MBP analyses.  This 
methodology is chosen in order to analyze both 
technical and environmental efficiencies in al-
locative manner for steam power plants installed 
in Iran. Here, technical efficiency refers to mini-
mum input required to produce of one unit output 
over the observed input usage and the environ-
mental efficiency which is regarded as the ratio of 
potentially minimum amount of pollution gener-
ation out of a type of fuel input over the observed 
amount pollution.  Both take the values within 
zero and one. The main pollutant that comes out 
as a byproduct from steam power plants using 
heavy fuels is SO2.  The combined DEA-MPB 
method with constant return-to-scale assumption 
based on the actual input-output observations in 
the sample is implemented to examine the techni-
cal and environmental trade-offs among different 
fuel types used by the plants.
The procedure is as follows: firstly, estimation is 
done on technical efficiency (TE) and secondly, 
the estimation is done using SO2 content per Btu 

of inputs for each fuel type to obtain the envi-
ronmental efficiency (EE) scores. Thus, techni-
cal and environmental efficiencies are estimated 
in the conventional way, as the ratio of minimum 
feasible inputs over the observed one. Finally as 
addressed in Section 3.1, OLS is employed to 
evaluate the impact of a number of factors (age, 
size, fuel type and year of observation) which are 
supposed to be efficacious but are not included 
in the DEA-MBP models for estimating the tech-
nical and environmental efficiencies in the first 
stage.

DEA-MBP approach in the first stage analysis
In the first stage, a production frontier with a 
single output (electricity generated), three con-
ventional inputs (natural gas, fuel oil and gas oil) 
were used to estimate the technical efficiency, 
and a single environmentally detrimental input 
(sulfur dioxide surplus) was specified to estimate 
environmental efficiency scores. The study incor-
porates all 17 Iranian public owned steam power 
plants’ seasonal data (204 observations) that pro-
duce 45.4 percent of the total thermal electricity 
in the country. Our data consists of 204 observa-
tions obtained for the three years seasonal data 
(winter of 2007 to autumn 2009). This analysis 
takes advantage of the available Iranian electric-
ity production and fuel consumption datasets 
(seasonal dataset, statistics and information of-
fice), power generation transmission and distri-
bution management company (TAVANIR) under 
the ministry of energy, Iran. sulfur fuel amount 
of fuels (MBtu and calculated in g/ GJ of sulfur) 
were obtained from the department of environ-
ment (DOE)1of Iran. 

1 According to the result of the comprehensive plan on tehran air 
pollution control , 1997, by JICA and municipality of tehran
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Fuel, labor and capital are complements and are 
not substitutes in electricity generation industry. 
So, one reliable way in applying traditional DEA 
models is to consider only one of the comple-
mentary variables [59, 60]. The other reason is 
that labor input is a very small and relatively in-
significant part of input resources. Capital stock 
is relatively fixed once the plant related to fuel 
has been constructed. Hence, incorporating only 
the fuel type as the main contributor in electric-
ity generation helps to identify the pollution in its 
simplest way as possible for environmental and 
government officials’ information [9]. 
Towards this aim, DEA constant return to scale 
model, which is known as CCR in honor of 
Charnes, Cooper and Rhodes who introduced 
DEA [61] , can be written as follows:

 (1)

 

where j=1,…,J observation for n=1,…,N inputs 
and m=1,…,M outputs representing xj=(xj1,…
,xjn)∈RN

+ and yj=(yj1,…,yjM)∈RM
+ . Our study in-

cludes m = 1 output (Generated Electricity) and n 
= 3 input variables (natural gas with substitute fu-
els like gas oil and fuel oil), whereas DEA score 
θ estimates the technical efficiency of the target 
DMU k. 
In order to measure environmental efficiency as 
in model (2), which are also input oriented and 
reflects constant returns to scale we show these 
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in vector form [7, 8]. The term of input-oriented 
indicates that an inefficient unit is made efficient 
through the proportional reduction of its inputs 
while its outputs are held constant.

(2)
           

In the case of environmental efficiency, E repre-
sents the SO2 content of each fuel type and as-
sumed common for all observations. The vector 
x* contains the target DMU inputs that minimize 
SO2 byproduct, the matrix X contains the input 
values for all DMUs to be included in the analy-
sis, and the matrix Y contains the output values 
for all DMUs included in the analysis. The vec-
tor y0 contains the original outputs for the target 
DMU, and λ is the vector of intensity weights.

RESULTS AND DISCUSSION
The first stage analysis
We illustrate our estimation by using DEA–MBP 
linear programming models. Data included fuel 
type, quantity, Btu content measured in millions 
of Btu (MBtu) and sulfur content information. 
Our DEA model is used to measure technical and 
also environmental efficiencies, which are input 
oriented, and reflects constant returns to scale. All 
DEAs were conducted with DEAP 2.1 (CEPA). 
As demonstrated in Table 1, the mean (to give 
more weighting data) technical efficiencies are 
higher in winter and autumn than in other sea-
sons, which clearly demonstrate that it is due to 
higher heating value of heavy fuels used in cold 
seasons. Meanwhile, environmental efficiency 

��∗ � �������  (2) 
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Table 1. Mean technical and environmental efficiencies in all seasons 

Winter Spring Summer Autumn 

Technical Eff. 0.919 0.875 0.875 0.881 

Environmental Eff. 0.034 0.01 0.01 0.052 

(mean Sulfur per MBtu is 1 unit for gas, 447 
units for Diesel, and 1637 units for Mazut) shows 
proportionally lowest value during winter and au-
tumn.
SO2 outcomes for our first stage analysis are sum-
marized in Table 2. The last row of the table indi-
cates that the average output of the plants would 
reduce SO2 by 80.14 percent and 91.73 percent 
if they attained technical efficiency and environ-
mental efficiency respectively. The first DMU 
or Tabriz plant attains the fully technical and 
environmental efficiency in summer; however, 
during winter it is technically efficient but is not 
environmentally efficient. In order to attain the 

environmental efficiency, the SO2 amount would 
have to be decreased by 99 percent in the winter 
by using natural gas. With this analysis, specific 
policy could be formulated taking into consider-
ation new incentives to supply fuels, operational 
techniques and other factors which are needed to 
reduce SO2.

Second stage analyses
Due to the fact that most of the effective fac-
tors may not have been adequately captured in 
our first stage DEA-MBP analysis, the efficiency 
scores were re-examined to upgrade the technical 
and environmental efficiencies for any inefficient 

Table 2. DEA-MBP environmental results for the plants

Firm Season

Original

SO2 per 

unit

output  

Changes in Sulfur per 

unit output 
Firm Season

Original

SO2 per 

unit

output 

Changes in Sulfur per unit 

output 

OrigtoTE OrigtoEE OrigtoTE OrigtoEE 

Firm 

1

Winter 14580.272 0.00 -99.93

Firm 

10 

Winter 13667.957 -99.93 -99.93

Spring 1247.508 -99.20 -99.20 Spring 2601.236 -99.62 -99.62

Summer 9.963 0.00 0.00 Summer 4870.530 -99.80 -99.80

Autumn 7819.578 -99.87 -99.87 Autumn 9049.994 -99.89 -99.89

Firm 

2

Winter 12282.241 -99.92 -99.92

Firm 

11 

Winter 6493.241 -99.85 -99.85

Spring 3029.117 -99.67 -99.67 Spring 752.256 -98.68 -98.68

Summer 4029.299 -99.75 -99.75 Summer 762.251 -98.69 -98.69

Autumn 7275.605 -99.86 -99.86 Autumn 3797.777 -99.74 -99.74

Firm 

3

Winter 13077.650 0.00 -99.92

Firm 

12 

Winter 776.853 -98.72 -98.72

Spring 4211.494 -99.76 -99.76 Spring 11.692 -14.81 -14.79

Summer 4141.676 -99.76 -99.76 Summer 57.448 -82.66 -82.66

Autumn 8617.497 -99.88 -99.88 Autumn 40.734 -75.55 -75.54

Firm 

4

Winter 13233.398 -99.92 -99.92

Firm 

13 

Winter 4401.220 -99.77 -99.77

Spring 4817.218 -99.79 -99.79 Spring 101.799 -90.22 -90.21

Summer 5285.521 -99.81 -99.81 Summer 247.355 -95.97 -95.97

Autumn 8208.535 -99.88 -99.88 Autumn 851.634 -98.83 -98.83

Firm 

5

Winter 12718.709 0.00 -99.92

Firm 

14 

Winter 10936.838 0.00 -99.91

Spring 3001.600 0.00 -99.67 Spring 3055.206 -99.67 -99.67

Summer 3714.014 -99.73 -99.73 Summer 4454.310 -99.78 -99.78

Autumn 8490.886 -99.88 -99.88 Autumn 8691.349 -99.89 -99.89

Firm 

6

Winter 10959.773 -99.91 -99.91

Firm 

15 

Winter 1392.245 0.00 -99.28

Spring 1384.560 -99.28 -99.28 Spring 96.280 0.00 -89.65

Summer 3085.390 -99.68 -99.68 Summer 103.850 -90.41 -90.41

Autumn 7824.281 -99.87 -99.87 Autumn 520.053 -98.08 -98.08

Firm 

7

Winter 12444.304 -99.92 -99.92

Firm 

16 

Winter 9315.512 0.00 -99.89

Spring 541.316 -98.16 -98.16 Spring 1705.137 -99.42 -99.42

Summer 18.107 -44.99 -44.98 Summer 979.480 -98.98 -98.98

Autumn 4324.904 -99.77 -99.77 Autumn 5981.548 -99.83 -99.83

Firm 

8

Winter 13594.585 -99.93 -99.93

Firm 

17 

Winter 9385.250 -99.89 -99.89

Spring 4532.610 -99.78 -99.78 Spring 5877.698 -99.83 -99.83

Summer 6702.882 -99.85 -99.85 Summer 4974.411 -99.80 -99.80

Autumn 9188.180 -99.89 -99.89 Autumn 7421.058 -99.87 -99.87

Firm 

9

Winter 18.201 -45.28 -45.26

Spring 17.871 -44.27 -44.25

Summer 17.709 -43.76 -43.74

Autumn 16.744 -40.52 -40.50

Mean 4968.19 -80.14 -91.73
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Table 2. DEA-MBP environmental results for the plants

Firm Season

Original

SO2 per 

unit

output  

Changes in Sulfur per

unit output 
Firm Season

Original

SO2 per 

unit

output 

Changes in Sulfur per unit 

output 

OrigtoTE OrigtoEE OrigtoTE OrigtoEE 

Firm 

1

Winter 14580.272 0.00 -99.93

Firm 

10 

Winter 13667.957 -99.93 -99.93

Spring 1247.508 -99.20 -99.20 Spring 2601.236 -99.62 -99.62

Summer 9.963 0.00 0.00 Summer 4870.530 -99.80 -99.80

Autumn 7819.578 -99.87 -99.87 Autumn 9049.994 -99.89 -99.89

Firm 

2

Winter 12282.241 -99.92 -99.92

Firm 

11 

Winter 6493.241 -99.85 -99.85

Spring 3029.117 -99.67 -99.67 Spring 752.256 -98.68 -98.68

Summer 4029.299 -99.75 -99.75 Summer 762.251 -98.69 -98.69

Autumn 7275.605 -99.86 -99.86 Autumn 3797.777 -99.74 -99.74

Firm 

3

Winter 13077.650 0.00 -99.92

Firm 

12 

Winter 776.853 -98.72 -98.72

Spring 4211.494 -99.76 -99.76 Spring 11.692 -14.81 -14.79

Summer 4141.676 -99.76 -99.76 Summer 57.448 -82.66 -82.66

Autumn 8617.497 -99.88 -99.88 Autumn 40.734 -75.55 -75.54

Firm 

4

Winter 13233.398 -99.92 -99.92

Firm 

13 

Winter 4401.220 -99.77 -99.77

Spring 4817.218 -99.79 -99.79 Spring 101.799 -90.22 -90.21

Summer 5285.521 -99.81 -99.81 Summer 247.355 -95.97 -95.97

Autumn 8208.535 -99.88 -99.88 Autumn 851.634 -98.83 -98.83

Firm 

5

Winter 12718.709 0.00 -99.92

Firm 

14 

Winter 10936.838 0.00 -99.91

Spring 3001.600 0.00 -99.67 Spring 3055.206 -99.67 -99.67

Summer 3714.014 -99.73 -99.73 Summer 4454.310 -99.78 -99.78

Autumn 8490.886 -99.88 -99.88 Autumn 8691.349 -99.89 -99.89

Firm 

6

Winter 10959.773 -99.91 -99.91

Firm 

15 

Winter 1392.245 0.00 -99.28

Spring 1384.560 -99.28 -99.28 Spring 96.280 0.00 -89.65

Summer 3085.390 -99.68 -99.68 Summer 103.850 -90.41 -90.41

Autumn 7824.281 -99.87 -99.87 Autumn 520.053 -98.08 -98.08

Firm 

7

Winter 12444.304 -99.92 -99.92

Firm 

16 

Winter 9315.512 0.00 -99.89

Spring 541.316 -98.16 -98.16 Spring 1705.137 -99.42 -99.42

Summer 18.107 -44.99 -44.98 Summer 979.480 -98.98 -98.98

Autumn 4324.904 -99.77 -99.77 Autumn 5981.548 -99.83 -99.83

Firm 

8

Winter 13594.585 -99.93 -99.93

Firm 

17 

Winter 9385.250 -99.89 -99.89

Spring 4532.610 -99.78 -99.78 Spring 5877.698 -99.83 -99.83

Summer 6702.882 -99.85 -99.85 Summer 4974.411 -99.80 -99.80

Autumn 9188.180 -99.89 -99.89 Autumn 7421.058 -99.87 -99.87

Firm 

9

Winter 18.201 -45.28 -45.26

Spring 17.871 -44.27 -44.25

Summer 17.709 -43.76 -43.74

Autumn 16.744 -40.52 -40.50

Mean 4968.19 -80.14 -91.73

Firm Season

Original

SO2 per

unit

output  

Changes in Sulfur per 

unit output
Firm Season

Original

SO2 per

unit

output

Changes in Sulfur per unit 

output

OrigtoTE OrigtoEE OrigtoTE OrigtoEE

Firm 

1

Winter 14580.272 0.00 -99.93

Firm 

10 

Winter 13667.957 -99.93 -99.93

Spring 1247.508 -99.20 -99.20 Spring 2601.236 -99.62 -99.62

Summer 9.963 0.00 0.00 Summer 4870.530 -99.80 -99.80

Autumn 7819.578 -99.87 -99.87 Autumn 9049.994 -99.89 -99.89

Firm 

2

Winter 12282.241 -99.92 -99.92

Firm 

11 

Winter 6493.241 -99.85 -99.85

Spring 3029.117 -99.67 -99.67 Spring 752.256 -98.68 -98.68

Summer 4029.299 -99.75 -99.75 Summer 762.251 -98.69 -98.69

Autumn 7275.605 -99.86 -99.86 Autumn 3797.777 -99.74 -99.74

Firm 

3

Winter 13077.650 0.00 -99.92

Firm 

12 

Winter 776.853 -98.72 -98.72

Spring 4211.494 -99.76 -99.76 Spring 11.692 -14.81 -14.79

Summer 4141.676 -99.76 -99.76 Summer 57.448 -82.66 -82.66

Autumn 8617.497 -99.88 -99.88 Autumn 40.734 -75.55 -75.54

Firm 

4

Winter 13233.398 -99.92 -99.92

Firm 

13 

Winter 4401.220 -99.77 -99.77

Spring 4817.218 -99.79 -99.79 Spring 101.799 -90.22 -90.21

Summer 5285.521 -99.81 -99.81 Summer 247.355 -95.97 -95.97

Autumn 8208.535 -99.88 -99.88 Autumn 851.634 -98.83 -98.83

Firm 

5

Winter 12718.709 0.00 -99.92

Firm 

14 

Winter 10936.838 0.00 -99.91

Spring 3001.600 0.00 -99.67 Spring 3055.206 -99.67 -99.67

Summer 3714.014 -99.73 -99.73 Summer 4454.310 -99.78 -99.78

Autumn 8490.886 -99.88 -99.88 Autumn 8691.349 -99.89 -99.89

Firm 

6

Winter 10959.773 -99.91 -99.91

Firm 

15 

Winter 1392.245 0.00 -99.28

Spring 1384.560 -99.28 -99.28 Spring 96.280 0.00 -89.65

Summer 3085.390 -99.68 -99.68 Summer 103.850 -90.41 -90.41

Autumn 7824.281 -99.87 -99.87 Autumn 520.053 -98.08 -98.08

Firm 

7

Winter 12444.304 -99.92 -99.92

Firm 

16 

Winter 9315.512 0.00 -99.89

Spring 541.316 -98.16 -98.16 Spring 1705.137 -99.42 -99.42

Summer 18.107 -44.99 -44.98 Summer 979.480 -98.98 -98.98

Autumn 4324.904 -99.77 -99.77 Autumn 5981.548 -99.83 -99.83

Firm 

8

Winter 13594.585 -99.93 -99.93

Firm 

17 

Winter 9385.250 -99.89 -99.89

Spring 4532.610 -99.78 -99.78 Spring 5877.698 -99.83 -99.83

Summer 6702.882 -99.85 -99.85 Summer 4974.411 -99.80 -99.80

Autumn 9188.180 -99.89 -99.89 Autumn 7421.058 -99.87 -99.87

Firm 

9

Winter 18.201 -45.28 -45.26   

Spring 17.871 -44.27 -44.25      

Summer 17.709 -43.76 -43.74      

Autumn 16.744 -40.52 -40.50   

 Mean 4968.19 -80.14 -91.73

plants in order to correct and catch up with the 
frontiers.
With reference to McDonald’s work [10], we esti-
mated the regression model by using the White’s 
[62] transformation involving DEA scores as the
dependent variable, which is robust to heteroske-
dasticity and distribution of the disturbance. In the 
second stage, our technical and environmental ef-
ficiencies’ scores were re-estimated by employing 
Ordinary Least Square (OLS) method with respect 
to a set of the most important internal (power plant 
size, age) and external (fuel type, year of observa-

tion) factors. This is somewhat different from other 
approaches in the literature. The software, STATA 
11.0 (2009) was used to estimate the parameters in-
volved in the Ordinary Least Square (OLS) model. 
The list and definition of explanatory variables used 
in the study are presented in Table 3.
Descriptive statistics
A general overview of the descriptive statistics 
used in the second stage is briefly presented in 
Table 4:
By quantifying the relationships between the ex-
planatory variables and the technical efficiency 

  Note: Original SO2 per unit output is calculated from the 2007-2009 seasonal value. Plant 1 in summer in bold is both technically and environmen-
tally efficient with 9.96 SO2 per unit output . The SO2 per unit output to attain an environmentally efficient point (OrigtoEE) for all DMUs is 9.963. For 
instance, the percentage that the SO2 could decrease by moving to the SO2 efficient point for firm 12 in the spring 
  is (9.96-11.69)/ 9.96 = 14.79%. The negative value of environmental efficiency indicates that if all plants were using currently-available technology 
efficiently, the sulfur output would decrease by the respective degree.  
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Table 3. List of explanatory variables

Inefficiency determinants Variable type Measurement 

Age Value Weighted average plant age 

Plant size(dumS) Dummy 
1= small size 
0= otherwise 

Plant size(dumL) Dummy 
1= large size 
0= otherwise 

Fuel type Dummy 
1= gas fired 
0= otherwise 

Year Value Year of observation 

Table 4. Summary statistics of the variables

Technical efficiency Environmental efficiency 

Variable Mean Std. error Mean Std. error 

0.7679 0.1280 0.0980 0.2137

0.4166 0.4942 27.3137 12.3965

Efficiency score

 Age of the plant (year) 

Year of Observation 1644.692 430.2729 2 0.8185 

 

(TE) and environmental efficiency (EE) scores, 
the study characterized the other factors, which 
are not appropriately modeled in the first stage 
and hence have to be considered in the second 
stage. 

Technical and environmental efficiency effect 
model
As demonstrated in the first stage technical ef-
ficiency analysis, the majority of the Iran’s steam 
energy plants are not operating within the techni-
cal and environmental efficient frontier. To find 
other exogenous factors which may affect the 
efficiency scores and were not considered in the 
first stage analysis, we kept continue our analysis 
to apply Ordinary Least Squares (OLS) [10]. Re-
sults for all explanatory variables (age, size, fuel 
types and the year of observation) of the technical 
and environmental efficiency effect models are 

Note: the other explanatory variable includes dummy and the year of observation, which are excluded due to the fact that 
dummy variables (size, fuel type and year of observation) are the proportional data.

presented in Table 5.
The model for technical and environmental effi-
ciency is specified as follows:
TE=0.877-0.115sizedumSit+0.02sizedumLit-
0.002Ageit-0.04FuelType-0.003Yearit+uit     (3)                                                                             
Then, the same analysis is done to investigate the 
explanatory variables that may have some influ-
ence on environmental efficiency;

EE=0.011-0.125 sizedumSit + 0.00096 sizedumLit 
– 0.00095 Ageit+ 0.5 FuelType – 0.005Yearit + uit

     
Where,
uit stands for the error term;

Based on the second stage analysis as demonstrat-
ed in Table 5, plant size (small) variable failed to 
be rejected that may not have any influence on 
technical and environmental efficiency. How-

(4)
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ever, the next complementary variable explicitly 
indicates that technical and environmental effi-
ciencies do not vary with the large generating ca-
pacity of power plants. It may be interpreted that 
the large generating capacity partly has access to 
high quality management skills. The finding is 
also in compliance with other studies implying 
that the large steam plant operators have fewer 
problems of management skills and coordination 
in comparison to small steam plants (e.g., [48, 53, 
54, 56, 58]). 
Based on the second stage analysis, the next ex-
planatory variable viz. fuel type does vary with 
negative coefficient suggesting that power plants 
using mixed fuel tend to be technically more ef-
ficient than power plants using natural gas alone. 
In fact, this is due to the higher heating value of 
heavy fuels in comparison to natural gas which 
led to better technical efficiency of the plants. 
On the contrary, the coefficient of fuel type for 
environmental efficiency score is estimated posi-
tive with strong relationship which clearly dem-
onstrates that gas fired power plants are environ-
mentally more efficient than power plants using 
other fuel types. In the next section the results of 
our study are summarized and discussed.

Table 5. Technical and environmental effects model results
Technical Efficiency Environmental Efficiency 

Coefficient T-Statistic Coefficient T-Statistic

Constant 0.8775 18.60 0.0112 0.31

Age -0.0027 -1.80 0.0009 0.83 

Size (dum small) -0.1150 -2.54*** -0.1257 -3.42***

Size (dum large) 0.0204 0.69 0.0009 0.04

Fuel type -0.0485 -2.73*** 0.5280 17.97***

Year of obsrv. -0.0030 -0.55 -0.0055 -0.57

F-Statistic 46.31*** Wald chi2  414.61*** 

No. observ.  204 
***, ** and * indicates significant at 1, 5 and 10% significance levels. 

The study also indicates that plant performance 
over time (trend) does not affect the technical 
and also environmental efficiency scores. This 
might be due to ascending learning progress dur-
ing plants’ lifetime or because of periodical main-
tenance and planned overhauls that cause plants 
not to be technically retired over time. This result 
could also be supported by the last (the year of 
observation) variable estimation results. Our sec-
ond stage analyses properly demonstrate that the 
technical and environmental efficiency scores do 
not tend to change over time.
The pervasive analysis is to encourage the gen-
eration of electricity which might cause less 
stress on environment and technically efficient 
use of energy. It seems necessary to verify that 
accurate information is a necessity of the day. 
Thereby, this study examines the technical 
and environmental efficiencies of steam power 
plants based on seasonal data over a three-year 
period from 2007 to 2009 using a  two-stage 
DEA-MBP approach in the first stage and OLS 
model in the second stage, which is the novelty 
so far. This study found that the mean technical 
and environmental efficiencies of the plants are 
0.767 and 0.098 respectively. The results also 
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indicated that the mean seasonal technical effi-
ciency in winters is greater than other seasons. 
It demonstrates that using more heavy fuels in 
winters and the higher heating value of these fu-
els results in high technical efficiency, whereas 
on the contrary environmental efficiency with 
the mean of 0.034 in winters shows the low-
est due to the emission of more SO2 pollution. 
The DEA-MBP methodology allows the study 
to gather useful information on technical and 
environmental efficiencies swiftly. The analysis 
is intended to help public officials and environ-
mental scientists to be informed when formu-
lating specific policy or new incentive systems 
in selecting technologies, fuel supply and other 
factors that might help to produce more SO2 free 
production.
The results from the second stage indicate that 
small generating capacity would negatively affect 
the technical and environmental efficiency. Fuel 
type also does affect the technical and environ-
mental efficiency conversely while the influence 
for technical efficiency in negative direction indi-
cating that applying heavy fuel due to its higher 
heating value seems more efficient. Meanwhile, 
high positive coefficient degree of fuel type in 
environmental efficiency second stage analysis 
demonstrates the most important and effective 
variable for the environmental efficiency analy-
sis suggesting that power plants that use natural 
gas are more environmentally efficient than the 
other plants. Due to the abundance of natural gas 
in Iran, exploring the most important feature pro-
vides the government information for their policy 
considerations. Explanatory variables with large 
impact can be targeted relatively easily by the 
government in formulating a policy. 
Regarding the technical and environmental trade-

offs explored by this study in the first stage and 
most important explanatory variables which 
may affect efficiency scores, it could be drawn 
on national research, experience and take top 
Iranian scholars’ attention together to make the 
best proper incentives on ‘next generation’ policy 
approaches for building a greener and stronger 
environment. Thus, the second stage estimation 
reflects the impact of explanatory variables to 
be selected by the government, environmental-
ists and policy makers to properly allocate their 
technical and environmental assets. Further, ac-
cording to available technologies, resources and 
environmental pollutions comprehensive energy 
policies would be necessary. 

CONCLUSIONS
Due to the vital role of energy within the society, 
it is important that technology, environment and 
policy matters work harmoniously together. Oth-
erwise, global energy problems cannot be tack-
led successfully. This is the first empirical study 
which simultaneously examines technical and en-
vironmental efficiencies of Iranian steam power 
plants that use heavy fuels when natural gas loss-
es for power plants and industries occurred. This 
study also indicates that technical and environ-
mental efficiencies are mostly exogenous (fuel 
type) to the main explanatory variables. Two 
important contributions of the study seem worth 
mentioning. First, while the study concerns just 
for the steam power plants in Iran, it is applicable 
for other industries, which mostly rely on fossil 
fuels and consequently could be responsible for 
environmental efficiency. Next, due to the pro-
portional amount of the pollutant in using fossil 
fuels, our study measured a single aspect of envi-
ronmental performance which relatively similar 
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results could be expected in other applications.  
However, implementing cost of fuel to analyze 
most allocative efficiency of power plants along 
with technical and environmental efficiency anal-
ysis seems reasonable while is not considered in 
the scope of this study. Thus, advancement in in-
terdisciplinary research helps to increase techni-
cal efficiency while reducing emissions by apply-
ing analytical methods, which may provide better 
information for decision making units. Hence, it 
is the management’s responsibility to improve 
efficiency by modifying regulation and competi-
tion performance in this respect. 
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