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Abstract-This study presents a flexible approach for 
optimization the location of solar plants.  It is composed of 
artificial neural network (ANN) and fuzzy data envelopment 
analysis (FDEA).  The intelligent approach of this study is 
applied to an actual location optimization of solar plants in 
Iran.  First, FDEA is validated by DEA, and then it is used 
for ranking of solar plant units (SPUs) and the best  -cut is 
selected based on test of Normality.  Also, several ANNs are 
developed through multi layer perceptron (MLP) for 
ranking of solar plants and the best one with minimum 
MAPE is selected for further considerations.  Finally, the 
preferred model (FDEA or ANN) is selected based on test of 
Normality.  The implementation of the flexible approach for 
solar plants in Iran identifies FDEA at  = 0.3.  This 
indicates that the data are collected from the uncertain and 
fuzzy environment.  This is the first study that presents a 
flexible approach for identification of optimum location of 
solar plants with possible noise, non-linearity, vague and 
fuzzy environment.   

Keywords: Fuzzy Data Envelopment Analysis (FDEA); 
Artificial Neural Network (ANN); Location Optimization; 
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I. Introduction 

Solar energy is the most ancient source, and it is 
origin of almost all fossil and renewable types, but due to 
environmental and technical consideration, recently solar 
energy attracted a lot of attention in all over the world 
Solar plants are one of the most used applications of solar 
energy which have great potential for supplying energy, 
especially in the remote and shiny regions [1].   

The bibliography by [2] lists more than 1500 
references dealing with location and layout problems, and 
many more contributions have appeared since then.  There 
are 4 components that characterize location problems; 
these are: (1) customers, who are presumed to be already 
located at points or on routes, (2) facilities that will be 
located, (3) a space in which customers and facilities are 
located, and (4) a metric that indicates distances or times 
between customers and facilities [3]. A survey of many 
distinct applications of  

 
 
location models is provided by [4], ranging from 
traditional applications involving newspaper transfer 
points [5], solid waste transfer points [6 and 7], bank 
branches [8], and motels [9] to the more unusual location 

problems such as the location of a church camp [10], the 
determination of apparel sizes [11], ingot sizes [12], and 
the location of rain gauges [13].  For a list of location 
applications, readers are referred to [14].  

In this paper a flexible approach consists of fuzzy 
data envelopment analysis (FDEA) and artificial neural 
network (ANN) is applied for ranking and assessment of 
potential place for locating solar plants.  DEA has been 
used as an optimization method for indicating the most 
efficient location [1]. Since DEA is focused on frontiers 
or boundaries, any noise or error from data can cause a 
variation in the obtained solutions by DEA.  Therefore, 
the input or output data should be accurate in order to 
successful application of DEA [15].  In some real world 
problems, the data for evaluation of DMUs are often not 
precisely defined and may be cannot accurately measured. 
This means that the inputs and outputs are uncertain and 
fuzzy.  Therefore FDEA is used to overcome this 
weakness.  Furthermore in some cases the data are 
corrupted and are associated with complexity and non-
linearity.  Thus ANN is applied to deal with these kinds of 
problems.  The preferred model is selected based on test 
of Normality according to central limit theorem, because 
the data are collected from various sources and are 
associated with accumulated error.  

 
II. Method: The Flexible ANN-FDEA Approach 

We proposed a new approach namely, ANN-FDEA 
to alleviate these problems.  According to the proposed 
approach, first the standard inputs and outputs are 
determined, collected and preprocessed.  Then, the best 
model between FDEA with different   values and ANN 
is selected via test of Normality.  Before selecting the 
preferred model, FDEA must be validated by DEA, such 
that there is high correlation between DEA and FDEA at 
  =1.  In the following sections the FDEA and ANN 
models are described. 

 
A.  Fuzzy Data Envelopment Analysis 

 There are many works which propose FDEA models 
for performance assessment [15-18].  In this paper we use 
the FDEA model developed by Jahanshahloo et al. [17]. 
Considering n DMUs, m fuzzy inputs and r fuzzy outputs, 
the Fuzzy DEA model for a sample DMU p is written as 
the following fuzzy LP-model. 
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increase the value to zero.  For more details the interested 
reader could see [17].  A non- symmetrical triangular 
number is defined for each variable with respect to the 
average, the lower limit as a minimum, and the upper 
limit as a maximum score of each indicator for the human 
resources of each DMU.  After running the FDEA with 
different  -cuts the results of FDEA with crisp inputs 
(i.e.   = 1) have been compared with the DEA ones.  If 
it is shown that the results of DEA and FDEA with this 
 -cut have a high degree of correlation, it can be 
concluded that the proposed FDEA is superior to the 
formerly used DEA approaches in literature, since it can 
be used for evaluation and ranking of the DMUs with 
both crisp and fuzzy input parameters.  Note that if the 
Spearman correlation tests for comparing DEA against 
FDEA with   = 1 result in a low degree of correlation 
between DEA and FDEA, the results of FDEA are still 
valid and it can be concluded that the system under study 
deals with high degrees of complexity and uncertainty. 
 
B.  Artificial Neural Network 

ANNs consists of an inter-connection of a number of 
neurons.  There are many varieties of connections under 
study, however here we will discuss only one type of 
network which is called Multi Layer Perceptron (MLP).  
In this network the data flows forward to the output 
continuously without any feedback.  A typical two layer 
feed forward model is used for forecasting demand.  The 
input nodes are the previous lagged observations while 
the output provides the forecast for the future value.  
Hidden nodes with appropriate nonlinear transfer 
functions are used to process the information received by 
the input nodes.  The model can be written as follows: 
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Where m is the number of input nodes, n is the 

number of hidden nodes, f is a sigmoid transfer function 

such as the logistic, 
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 , αj ( j = 0, 1, ..., n)  

is a vector of weights from the hidden to output nodes and 
{βij, i= 1, 2, …, m; j = 0, 1, …, n} are weights from the 
input to hidden nodes. α0 and βoj  are weights of arcs 
leading from the bias terms which have values always 
equal to 1.  Note that Equation (2) indicates a linear 
transfer function is employed in the output node as 
desired for forecasting problems.  The MLP’s most 
popular learning rule is the error back propagation 
algorithm.  Back Propagation learning is a kind of 
supervised learning introduced by [19] and later 
developed by [20]. The attraction of MLP has been 
explained by the ability of the network to learn complex 
relationships between input and output patterns, which 
would be difficult to model with conventional algorithmic 
methods.  The disadvantage of ANN is that because the 
network finds out how to solve the problem by itself, its 
operation can be unpredictable.  The following general 
architecture is designed for ANN: The training algorithm 
is set to trainlm (Lavenberg-Marqurdet back propagation) 
with one hidden layer.  The transfer function in hidden 
layer is set to be hyperbolic tangent sigmoid transfer 
function (tansig) and linear transfer function (purelin) in 
output layer. 

 
III. Experiment: The Case Study 

A set of technical, geographical and social factors for 
location optimization of solar plant units (SPUs) are 
considered in this paper.  The required data indicators, 
which were used in the proposed model, were collected 
from the National Statistics Bureau of Iran.  These 
parameters were defined as indicators (inputs and outputs) 
as follows: 
 Population and human labor: Undoubtedly, 

establishment of industrial facilities must be performed in 
the locations that have adequate production consumers. 
So in this viewpoint the vicinity of solar plants to the 
center of the city that has a higher population is an 
advantage (we will discuss this matter later from other 
points of view). Therefore, we have used the population 
of selected regions in each city as an output parameter. 
 Distance of power distribution networks: As 

noted for establishing power plants, selection of regions 
with high degree of population aggregation is a plus.  But 
for solar plants another aspect must be considered.  In 
general, construction of solar plants is not still economical 
and they are not comparable with conventional fossil fuel 
plants.  Therefore, establishment of solar plants in the 
rural and remote locations is a better alternative. For this 
purpose, solar plants for the shiny locations are excellent 
solution.  With regard to this viewpoint and unlike prior 
view, construction of solar plants in the high distances 
from center of the cities is better.  With this assumption 
this parameter has an input structure. 
 Land cost: The land is original infrastructure for 

construction of each plant.  This is more important for 
solar than other plants because they considerably need 
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more land than other methods of energy generation.  It 
can be seen that the required land for solar energy is 
approximately equal to 30 times as conventional fossil 
fuel plants [21].  This means that land cost is an important 
parameter for indicating the location of power plants.  
Hence, land cost in different regions of each city is 
calculated and used as one of the indicators for the FDEA 
model.  This parameter has an input structure. 
 Solar global radiation: We can suggest that solar 

total radiation is the most important parameter for 
selecting a region as a candidate for establishing solar 
plants. The effective parameters on the quantity of solar 
global radiation are geographical and climatological 
parameters such as: temperature, wind speed, humidity, 
vapor pressure, precipitation, etc. This parameter has an 
increasing trend and therefore it is considered as an output 
indicator. 
 Intensity of natural disasters occurrence: 

Establishment of the plants in a location with a high 
degree of disaster incidence could be hazardous and 
increasing related maintenance costs.  Therefore, the 
foundation of plants must be performed in as safe and 
secure place that have a low statistics of related natural 
disasters. The value of this parameter must has decreasing 
trend and therefore we consider it as an input indicator. 
 Quantity of proper geological areas: In this 

viewpoint material, grade and other conditions of 
substruction of the plant are important.  For this 
parameter, the available area of suitable grounds in 
proximity of each city are collected and used as one of the 
effective factors.  This parameter is used as an output 
indicator to its increasing trend. 
  Quantity of availability of the water: Supplying 

the consumable water for operation of the plants is a vital 
issue.  Therefore, the construction of solar plants must be 
initiated at the locations with capability of water supply.  
For this purpose the quantity of suitable grounds with 
capability of water accumulation are calculated and used 
as one of the output parameters of related FDEA model. 
 Quantity of proper topographical areas: For 

establishing each structure, existence of a set of 
topographical conditions is necessary. Determining the 
suitable places from topographical aspect is also 
important.  For this purpose, the quantity of proper 
grounds in proximity of each city is determined.  This 
parameter has an output structure because of its increasing 
trend. 

The required data for population, human labor and 
land cost were gathered from the National Statistics 
Bureau of Iran.  For the values of distance of power 
distribution networks, there were no exact available data.   
Thus, their impact was determined based on the given 
scores by the experts.  Therefore, this parameter has an 
increasing structure.  Therefore, in spite of input structure 
of original parameter, in the final model, we consider this 
indicator as one of the output parameters of related FDEA 

model.  This shows the uncertainty and ambiguity in data 
set.  For indicators such as quantity of proper geological 
and topographical areas and availability of the water, a 
geographical information system (GIS) technique has 
been used, which has been performed by Iran Energy 
Efficiency Organization. This process was accomplished 
by numerating related maps of each city and using 
existing numeral maps in the scale of 1:500,000.  In 
accordance to this method, the required values of each 
indicator were calculated.  Also the quantities of solar 
global radiation were provided through National 
Meteorological Organization of Iran.  As mentioned 
earlier, we have considered 2 parameters for calculation 
of the indicator intensity of natural disasters occurrence: 
earthquake and torrent. These 2 parameters have been 
recognized as more general effective parameters in Iran as 
well as their quantities were more available.  These 
parameters have considered with equal coefficients for 
calculating the final values of the indicator.  For the other 
locations in the other countries different kind of 
parameters can be used for this indicator such as sand 
tornados or intensive local winds.  In the following 
section the results of ranking solar plant units by preferred 
model are described. 
 

IV. Results and Analysis 
The DEA and FDEA  are used for ranking 150 SPUs.  

The input variables are land cost and intensity of natural 
disasters occurrence.  The output variables are population 
and human labor, solar global radiation, distance of power 
distribution networks, quantity of proper geological areas, 
quantity of availability of the water, quantity of proper 
topographical areas. The results of ranking by DEA and 
FDEA at  =1 are shown in Figure 1. 

 

 
Figure 1: Results of DEA and FDEA at  =1 

 
 Next, the results of FDEA is verified and validated 

by DEA at  =1.  To compare the results of DEA and 
FDEA, a non-parametric method has been utilized.  One 
of the methods used for testing the independence of the 
ranking data is the Spearman nonparametric test.  Using 

the 1 spn   criteria, Ho is tested for identifying the 

1507



independence of the two stated methods on a pair-wise 
comparison basis.  Table 1 indicates the Spearman 
correlation measures for several   values. 

 
Table 1: The results of Spearman correlation test between 

DEA and FDEA for different α values 
α values Spearman correlation index 
0.1 0.46 
0.3 0.45 
0.5 0.48 
0.7 0.63 
0.9 0.78 
1 0.87 
 

The spearman correlation scores indicate an 
acceptable high correlation among the ranks obtained by 
DEA and FDEA.  Hence, for  =1 Ho (i.e. independence 
of the obtained ranks) is rejected and H1 is accepted 
which shows the correlation among the ranks obtained by 
two methods (pair-wise comparisons).  Therefore, the 
ranking results obtained by DEA and FDEA at  =1 are 
verified with relatively high degrees of confidence.  
According to the proposed approach, the best   value for 
FDEA is selected based on test of Normality.  Table 2 
shows Normality test for different   values using 
Kolmogorov-Smirnov Test. 

 
Table 2: Test of Normality according to p-value 

α values p-value 
0.1 0.029 
0.3 0.080 
0.5 0.020 
0.7 0.007 
0.9 0.000 
1 0.000 

 
The results of Kolmogorov-Smirnov Test indicate 

that the FDEA at  = 0.3 is the preferred model for 
ranking SPUs because it has higher p-value in comparison 
to other   values.  It also addresses the high ambiguity 
and uncertainty associated with the environment under 
study.  Thus, the FDEA at  = 0.3 is selected to compare 
with ANN.  The best SPU’s which are selected by ANN 
and FDEA at  =0.3 are shown in Table 3. 

 
Table 3: The best locations selected by FDEA ( =0.3) 

and ANN 
RANK FDEA ( =0.3) ANN 
1 SPU 145 SPU 81 
2 SPU 147 SPU 97 
3 SPU 150 SPU 19 
4 SPU 149 SPU 82 
5 SPU 148 SPU 143 
6 SPU 146 SPU 137 
7 SPU 129 SPU 83 
8 SPU 127 SPU 21 
9 SPU 128 SPU 99 

10 SPU 131 SPU 22 
 

As mentioned before, the preferred model is selected 
based on test of Normality.  In the proposed case study, 
the p-values for FDEA at  = 0.3 and ANN are 0.08 and 
0.00, respectively.  Thus, the best model for location 
optimization of solar plants is FDEA at  = 0.3.  This 
proves the existence of tremendous uncertainty and noise 
in the data set.  Therefore, if DEA method was used for 
ranking of SPUs, the results of ranking could be 
misleading.  Hence, the preferred locations by DEA 
would be drastically different from the ones selected by 
FDEA at  = 0.3.  This is shown in Table 4.  For 
instance, if DEA is used instead of FDEA, the preferred 
location would be SPU121, whereas by using FDEA at 
 = 0.3, the best location is selected as SPU145.  Thus, 
the results of DEA would be incorrect for decision 
making process.  This is due to data uncertainty and 
environmental noise. 

Table 4: The best locations selected by FDEA ( =0.3) and 
DEA 

RANK FDEA ( =0.3) DEA 
1 SPU 145 SPU 121 
2 SPU 147 SPU 79 
3 SPU 150 SPU 132 
4 SPU 149 SPU 150 
5 SPU 148 SPU 24 
6 SPU 146 SPU 81 
7 SPU 129 SPU 139 
8 SPU 127 SPU 138 
9 SPU 128 SPU 127 
10 SPU 131 SPU 141 
 

V. Conclusion 
DEA is one of the mostly used methods that can be 

employed for evaluating the relative efficiency of SPUs of 
location optimization.  Since its required data cannot be 
precisely measured in some cases, the theory of 
uncertainty plays a significant role in DEA.  Moreover, in 
some cases data are associated with complexity and non-
linearity.  Therefore, in this paper a flexible FDEA-ANN 
approach was proposed for location optimization of solar 
plants.  First, the input and output data are specified and 
collected.  DEA is applied for ranking the SPUs and is 
used for validation and verification of the results of FDEA 
at  =1 by Spearman correlation test.  It was concluded 
that in the case of having low level of uncertainty the 
results of DEA and FDEA are relatively equal.   Also, the 
best structure of ANN was selected based on MAPE.  
Finally, the best model between FDEA (with different 
 - cuts) and ANN is selected based on test of normality.  
This is because the required data are collected from 
various sources and are associated with accumulated 
error.  In the case of location optimization of solar plants 
in Iran, the best model was selected as FDEA at  =0.3.  
However, in different cases, other models may be selected 
as the preferred model.  Also, it was shown that because 
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of existence of uncertainty and noise in the data set, using 
DEA instead of FDEA leads to the misleading decisions. 
The suggested approach of this study can be utilized for 
various solar location optimization problems. 
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