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Abstract: Energy Efficiency, due to the jointly increase of energy consumption and energy costs, has 
become an important goal for companies, in order to improve their competitiveness by decreasing their 
energy costs. The first step for energy efficiency in small and medium enterprises (SMEs) is to check energy 
consumption of production processes and benchmarking it in order to verify their relative efficiency 
compared to possible competitors. Using Data Envelopment Analysis (DEA) allows defining a 
benchmarking model with which the generic company can refer its value of energy efficiency and 
understand its gap, i.e. whereas they are energy efficient and so competitive in the manufacturing market, or 
not. Therefore the DEA model enables to compare different companies in the same sector and to analyse 
their relative efficiency in the energy use.  

There is a huge literature on DEA model and its application, that shows how to measure efficiency of 
Decision Making Units (DMUs) but a small effort has been devoted in literature in developing application 
and variations of DEA tailored to the case of energy efficiency. 

The aim of this work is to present a case study on DEA model application in the field of Energy Efficiency 
for SMEs. Several energy audits in SMEs in the Brescia Province have been conducted so as to collect data 
on energy uses. On the basis of available data, input and output of the DEA model have been selected. The 
analysis shows which the most efficient DMUs are, and which are not, moreover through the use of Dual 
Analysis it has been possible to select and prioritize the action that should be taken so as to improve energy 
efficiency of each company.  
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1. Introduction 

Energy efficiency (EE) is, nowadays, one of the main 
topic for governments and for manufacturing companies. 
This is due to the rising of energy price, in particular for 
the non-renewable energy, to the new environmental 
regulations (2009/28/EC Directive) and to the awareness 
of the importance of ‘green’ and energy efficient 
products and services. There is a gap between theoretical 
methods and practical actions to implement energy 
efficiency activities in companies, because there isn’t yet a 
structured framework for Energy Management in the 
greater part of companies (Bunse et al. 2011). 
The first step to improve Energy Management is to 
identify the energy efficiency level of the companies. 
With this aim it is necessary to define a benchmarking 
model with which the generic company can refer its value 
of energy efficiency: Data Envelopment Analysis can be 
successfully used to reach this scope. Using the DEA 
model, firms can understand their gap to the benchmark 
and find the corrective actions to improve energy 
efficiency. 
A lot of efficiency’s study were conducted using DEA 
model, which allows to evaluate the efficiency of the so 

called Decision Making Units (DMU), i.e. manufacturing 
or serviceable firms, production units, production power 
plants, emerging economies, states, regions, schools, 
banks, hospitals etc. 
The aim of this work is to present a novel approach in 
assessing SMEs’s Energy Efficiency using the DEA 
model. The SMEs analyzed belong to the field of Brescia 
Province. The energy audits in SMEs have been 
conducted so as to collect data on energy uses. On the 
basis of available data, input and output of the DEA 
model have been carefully selected. Through the analysis 
it has been possible to highlight which are the most 
efficient DMUs, and which are not. Moreover through 
the use of Dual Analysis it has been possible to select and 
prioritize the action that should be taken so as to 
improve energy efficiency.  
This paper is organized as follow: in section 2 the DEA 
model is described; in section 3 the data base and the set 
of input and output chosen are described; the section 4 
shows the results obtained through DEA basic analysis, 
while in sections 5 are shown the results obtained 
through the reduction of factors; in section 6 the result 
of Dual Analysis are explained. The section 7 illustrates 
the conclusion.  



2. Data Envelopment Analysis  

Data Envelopment Analysis is a model firstly proposed 
by Farrell (1957). It is a non-parametric model to 
compare the relative efficiency of a set of comparable 
units (DMUs). The relative efficiency of DMUs is 
calculated as the ratio of the weighted sum of the n 
output and the weighted sum of the m input, which don’t 
have any relationships between them established a priori 
(Seiford and Thrall). Generally the relative efficiency is a 
value into the interval [0,1]. 
Let us introduce the following notations: 
• αi is the weight of output i, 
• βk is the weight of input k, 
• yij is the amount of output i from DMUj, 
• xkj is the amount of input k from DMUj, 
the Efficiency of a DMU is calculate  as
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The weights of inputs and outputs may be assigned, but 
in this case every DMU would have a different set of 
weights and it would be impossible to define a common 
set of weights for all DMUs. Furthermore by assigning 
established weights a priori, the value of efficiency would 
be a simple weighted mean. So the set of weights that are 
most favorable for every plant are chosen. This set of 
weights is the one which optimizes the DEA model.  
To evaluate the relative efficiency of the DMUj (j=1..s) in 
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The constraints of this model ensure that: (i) the relative 
efficiency of each plant has to be lower than or equal to 
the unitary value; (ii) and (iii) the weights of input and 
outputs have to be positive values. Using model (1) the 
weights obtained for each plant may be different. It is 
necessary to turn the model as many times as the number 
of the DMUs considered. In fact, turning one time the 
model, the solution obtained produces the set of weights 
most favorable  to plant j, with respect to the other 
plants, and the Ej value obtained represents the 
maximum relative efficiency obtainable (Braglia et al., 
2003). 

The DEA model can be transformed into a LP one, 
 e p h proposed by Charnes et al. 
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Once the model was chosen, the inputs and outputs of 
the problem should be carefully selected. We want to 
evaluate the Energy Efficiency of each DMUs, so it is 
reasonable that the larger part of the inputs considered 
should be energy related, as Patterson (1996) claimed, but 
as discussed by Hu and Wang (2006), energy related 
inputs alone cannot produce any output, hence it is better 
to consider both energy inputs and non-energy inputs 
(Zhou and Ang, 2008). 
According to the input and output considered and 
depending on what you want to achieve, there are 
different variation of the basic DEA model that can be 
used to enhance the discriminatory power of the 
efficiency results. 
The DEA model can be divided into two parts: the 
measure of efficiency and the reference technology 
(Zhou et al., 2008). The reference technology is referred 
to weak or strong disposability of the combination of 
input and output. Furthermore the reference technology 
is characterized by the type of return to scale (RTS), 
which can be constant (CRS), variable (VRS), decreasing 
(DRS) or increasing (IRS).   
The measure of efficiency can be made using different 
models, all of them having benefits and be able meet the 
needs of the issue. Some models used for the measure of 
efficiency, summarized by Zhou et al. (2008) are: the 
Radial efficiency measure, the No-Radial efficiency 
measure, the Slack-based efficiency measure, the 
Hyperbolic efficiency measure and the Directional 
Distance Function. 
There is a huge literature on DEA model and its 
application, that shows how to measure relative efficiency 
of Decision Making Units (DMUs) however a small 
effort has been devoted in developing application and 
variations of DEA tailored to the case of energy 
efficiency. 
The traditional and advanced DEA models are used in 
different application areas (Zhou et al., 2008); the most 
interesting for our study are following reported: 

• energy use efficiency study; 
• electricity generation plants; 
• environmental performance measurement (at 

firm level and at macro level); 
• impact of environmental regulations; 



• relationship between productivity and energy 
intensity. 

In particular Sueyoshi et al. (2010) have used DEA model 
to measure the efficiency of the coal-fired power plants 
in the US; using three DEA models they have found 
three important policy implication about the deregulation 
in that sector. Hu and Wang (2006) have analyzed the EE 
of 29 administrative regions in China (in the period 1995-
2002), using DEA model in order to find “the target 
energy input of each region in China at each particular 
year”. Ramanathan (2000) used the DEA model to 
evaluate the EE in the transport mode sector in India. 
Mukherjee (2010) studied the EE in the manufacturing 
sector in India, using Directional Distance Function 
(DDF) and its modification. While Mandal and 
Madheswaran (2010) analyzed the environmental 
efficiency of the Indian cement industry using DEA 
traditional model and the DDF. 
This study is conducted in the area of the Energy Use 
Efficiency. We analyzed the Energy Efficiency of SMEs 
in the manufacturing sector of aluminum and light alloy 
die casting. Energetic audit were conducted into the 
firms and the necessary data were collected. In this study 
was used DEA basic model to evaluate and to compare 
the values of EE of the SMEs, and Dual Analysis (Braglia 
and Petroni, 1999). 
Furthermore it should be considered that the basic DEA 
model has a low discriminatory power that can be 
increased using different approaches like: the reduction 
of factors, the cross-efficiency analysis, the stepwise 
approach and the cluster analysis.  
The Dual Analysis, based on the DEA dual model is an 
economical analysis of the inefficient DMUs. It allows to 
define why the DMUs are inefficient and in which way it 
is possible to improve their efficiency (quantifying the 
necessary increase of their output or decrease of their 
input). 

3. Data Selection  

The DEA analysis has been performed on the basis of 
data available for 17 different SMEs in the field of die 

casting. In each SMEs a structured energy audit has been 
conducted so as to collect necessary data, on energetic 
and non-energetic parameters, so as to conduct the 
analysis.  
The data collected are: sales, employees, plant area, 
production level, hours of production, the usage of 
electric energy, the cost of electric energy, the usage of 
demand of energy (the maximum power required by the 
plant) and its cost, the electric fees, the usage of natural 
gas and its cost. Between these data the inputs and 
outputs which characterize the system have been chosen. 
To evaluate the relative efficiency of each DMUs, we 
decided to stratify the DEA analysis of energy efficiency 
on two levels: 

1) Administrative Efficiency (AE): this component 
evaluates the efficiency of energy sources 
contracts. The outputs chosen are the usage of 
electric energy, the usage demand and the usage 
of natural energy, while the inputs chosen are 
the cost of electric energy, the cost of demand, 
the electric fees and the cost of natural gas. The 
AE can be considered inversely related to the 
energy unitary costs (i.e. AE  1/[€/kWh]). 

2) Operational Efficiency (OE): this component 
analyzes the energy efficiency related to the 
energy consumptions used for the production. 
The inputs considered in this model are the 
employees, the plant area, the hours of 
production, the usage of electric energy, 
demand and natural gas, while the outputs are 
the sales and the production level. 

On the basis of these values we have applied the basic 
DEA model. 

4. The Basic DEA Analysis 

The DEA basic model was applied to evaluate the 
Administrative and Operational Efficiency. The results 
are summarized in Table 1 and 2.  
 

DMUs  1  2  3  4  5  6  7 8 9 10 11 12 13 14  15  16  17

AE  1.00  1.00  0.86  0.92  0.85  1.00  1.00 0.55 0.90 0.98 1.00 0.72 0.90 1.00  1.00  1.00  1.00

Table 1: Basic DEA, Administrative Efficiency

DMUs  1  2  3  4  5  6  7 8 9 10 11 12 13 14  15  16  17

OE  0.03  1.00  0.78  0.64  0.76  0.47  0.78 1.00 1.00 0.89 1.00 0.70 0.84 0.71  0.71  1.00  1.00
Table 2: Basic DEA, Operational Efficiency
 
Looking at the administrative component of energy 
efficiency, the efficient DMUs are 9 on 17 total DMUs 
considered, while looking at the operational component 

of energy efficiency, the efficient DMUs are 6 on 17 total 
DMUs. The DMUs 2, 11, 16, 17 result both 
administrative and operational energy efficient, while the 



DMUs  1, 6, 7, 14, 15 result only administrative efficient 
and the 8th and 9th DMUs result only operational 
efficient. The remaining DMUs are inefficient. 
As already stated, the DEA model has generally a low 
discriminatory power. To increase the discriminatory 
power of DEA some improvements can be adopted: 

a) the number of DMUs might be almost twice 
the number of inputs and outputs, whenever 
possible (Kim and Hendy 1998), the reduction 
of factors can be applied; 

b) the cross-efficiency can be calculated for each 
DMU (Doyle and Green 1994); 

c) the stepwise approach might be used (Norman 
and Stoker 1991). 

In this study we propose the application of the Reduction 
of Factors approach to obtain more discriminatory 
power from the DEA results. Moreover also cross-
efficiency and stepwise can be used if the Reduction of 
Factors results are not sufficient satisfactory in terms of 
discriminatory power. 

5. Reduction of factor 

The reduction of factors is the first step to increase the 
discriminatory power of DEA. This method is based on 
the reduction of inputs and outputs having a high 
correlation factor with the others (Kim and Hendry 1998, 
Thanassoulis et al. 1987). The correlation factor is the 
value that represents how much one variable can be 
explained by another one, i.e. the two variables are linked 
to each other and they offer the same information, so 
one of this can be neglected.   
For the administrative efficiency the usage and cost 
demand are neglected, so the factors considered are 
reduced to 5, three inputs and two outputs. For the 
operational efficiency the production level, the usage of 
electric energy and the usage of demand are neglected 
and the remaining factors are one output and four inputs. 
Once the correlation factors are calculated, the DEA 
basic model is applied with the revisited list of inputs and 
outputs. 
The results of DEA model after having performed the 
reduction of factors are shown in Figure 1, for the 
administrative and operational efficiency. In the 
administrative efficiency, only the DMU 14 shifts from 
efficiency 1 to a lower value, while the other DMUs 
remain in their position of administrative efficiency. 
Regarding the operational efficiency the DMUs 8, 9 and 
11 decrease their efficiency and become inefficient, while 
the DMUs 2, 16 and 17 remain operational efficient. 

 
Figure 1: Radar chart with DEA results after the 
Reduction of Factors 

6. DEA Dual Analysis 

Once the DMUs are ranked, those which are inefficient 
can be analyzed through the Dual Analysis (Braglia and 
Petroni, 1999). The dual analysis allows defining the most 
convenient corrective actions to achieve the efficiency, 
i.e. the input and output adjustments required by the 
inefficient DMU. There are two possibilities to reach the 
efficiency: 1) decreasing input and maintaining the same 
output, 2) decreasing input and increasing output at the 
same time. 
 

DMUs Cost_elect Elect_fees  Cost_nat

           

1 ‐  ‐  ‐ 

2 ‐  ‐  ‐ 

3 23%  23%  23% 

4 8%  8%  47% 

5 16%  16%  16% 

6 ‐  ‐  ‐ 

7 ‐  ‐  ‐ 

8 54%  49%  54% 

9 35%  67%  47% 

10 22%  2%  1% 

11 ‐  ‐  ‐ 

12 43%  43%  38% 

13 10%  8%  10% 

14 29%  25%  29% 

15 ‐  ‐  ‐ 

16 ‐  ‐  ‐ 

17 ‐  ‐  ‐ 
Table 3: Results of DEA Dual Analysis for the 
Administrative Efficiency 
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In Table 3 and 4 are shown the results of the Dual 
Analysis for the administrative and operative efficiency, 
respectively. For this analysis we used the data of 
efficiency and the input and output values obtained by 
the reduction of factors.  
It should be noted that the Dual Analysis for the 
Administrative Efficiency is conducted only for inputs, 
i.e. the inputs are the costs and fees of energy and we 
want to minimize the energy costs. 

DMUs  EMPLOYEES 
PLANT_
AREA 

PROD 
HOURS 

USAGE_
NAT  SALES

1  98%  98%  97%  97%  0%

2  ‐  ‐  ‐  ‐  ‐ 

3  55%  89%  80%  55%  0%

4  72%  93%  63%  71%  0%

5  89%  86%  12%  75%  0%

6  30%  31%  22%  25%  0%

7  86%  n.p  45%  45%  0%

8  77%  n.p  n.p  77%  0%

9  65%  70%  81%  65%  0%

10  62%  61%  75%  61%  0%

11  91%  n.p  77%  96%  0%

12  46%  44%  47%  44%  0%

13  63%  70%  87%  63%  0%

14  81%  93%  97%  81%  0%

15  0%  6%  9%  9%  0%

16  ‐  ‐  ‐  ‐  ‐ 

17  ‐  ‐  ‐  ‐  ‐ 
Table 4: Results of DEA Dual Analysis for the 
Operational Efficiency 

Results of DEA Dual Analysis can be easily interpreted, 
for examples, DMU 10 so as to reach the operational 
efficiency must decrease the number of employees of 
62%, plant area of 61%, hours of production of 75% and 
the usage of natural gas by 61% (the value of efficiency 
of the first DMU is very low), while it is not required any 
increase of sales.  
In Figure 2 is shown the radar chart for the corrective 
actions of the DMU, that should be used to graphically 
highlight the most important action to implement so as 
to reach the increase the efficiency of the considered 
DMU. 

 
Figure 2: Radar chart for DMU n. 10 

7. Conclusion 

The Energy Management for manufacturing companies 
should start with the evaluation of energy efficiency. The 
DEA model allows to define a benchmarking approach 
with which the manufacturing companies can refer their 
relative values of efficiency.  
In our work we applied the DEA model to a sample of 
die casting firms in order to define their level of energy 
efficiency. In particular we divided the energy analysis in 
two different level: the Administrative Efficiency, linked 
to the energy charging, and the Operational Efficiency, 
linked to the energy consumption necessary to produce 
the output. Due to the low discriminatory power of basic 
DEA model, we applied also the reduction of factors 
model. Once defined the efficient DMUs (that represent 
the benchmark), we studied the inefficient DMU using 
the Dual Analysis. The Dual Analysis allows us to 
support the decision makers to which were the corrective 
action to improve energy efficiency and make the 
inefficient DMUs efficient, i.e. the necessary decrease of 
inputs and the necessary increase of outputs.  
This DEA analysis is useful also for future investigations: 

• so as to carefully identify specific energy use 
inefficiencies of a DMU it is possible to 
perform the DEA analysis using stratified data 
(inputs and outputs). For example it is possible 
to consider the consumption of electric energy 
for the different usage: machine supply, 
auxiliary system supply (air compressed, water 
cooling etc.);  

• a specific DMU, belonging to the die casting 
sector, can be introduced in the DEA model 
and can evaluates its relative energy efficiency 
with respect to the other already assessed. This 
DMU can understand its position, regarding the 
energy efficiency, in the die casting sector and 
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plan the corrective actions to implement and 
become more competitive and to reduce its 
energy impacts. 
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