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electricity grids as well as to the technical minima of
thermal-based power stations used to cover the greatest part
of the local electricity needs. Furthermore, since industrial
activities in small and medium scale islands are extremely
limited, electricity demand in these regions is mainly
configured by the local residential sector. At the same time,
owed to the mild, Mediterranean conditions determining the
Aegean islands’ climate, the local residential sector is
usually equipped with air conditioning units that cover both
heating and cooling needs of the islanders, much influencing
in this way the local electricity demand patterns. In this
context, it may be concluded that human thermal comfort
conditions comprise a critical driver of the local electricity
demand [1]-[6].
Considering this argument, the goal of this work is to
examine the potential for electricity load demand (ELD)
hourly prediction with the application of artificial neural
networks (ANNs), using the Physiologically Equivalent
Temperature (PET) index.

Abstract-- The goal of this work is to examine the potential
for electricity load demand (ELD) hourly prediction with the
use of artificial neural networks (ANNs), based on the
Physiologically Equivalent Temperature (PET) index. The
current research work investigates the relation between the
PET index and electricity demand patterns in Mediterranean
island regions and the Aegean Sea in specific. PET is based on
the Munich Energy balance Model for Individuals, which
describes the thermal conditions of the human body in a
physiologically relevant way. Results obtained show that ANNs
give an adequate prediction of hourly electricity load demand
for Amorgos island (central Aegean Sea) at a statistical
significant level of p<0.01.
Index Terms--Artificial neural networks, electricity load
demand, Amorgos Island, Greece.

I. INTRODUCTION
Urgency to achieve large-scale integration of the variable or
even stochastic power generation from renewable energy
sources (RES) calls among others for the employment of
novel solutions including energy storage, upgrade of
electricity grids and application of effective demand side
management strategies. To this end, the problem of limited
RES integration becomes more severe in isolated islands,
such as those encountered in the area of the Aegean Sea, east
of the Greek mainland, owed to the weak character of local

II. DATA AND METHODOLOGY
Acknowledging the above, the current research work
investigates the ability of ANNs to predict ELD using past
data of the PET index in Mediterranean island regions and
the Aegean Sea in specific. The PET is based on the Munich
Energy balance Model for Individuals (MEMI), which
describes the thermal conditions of the human body in a
physiologically relevant way [6]. PET is defined as the air
temperature at which, in a typical indoor setting (without
wind and solar radiation), the heat budget of the human body
is balanced with the same core and skin temperature under
the complex outdoor conditions to be assessed [7], [8].
In order to estimate PET values, the RayMan model [9], [10]
is currently used together with hourly values of air
temperature (oC), wind speed (m/s), relative humidity (%),
and global solar irradiation (W/m2) for a representative,
medium-scale island region of the Aegean Sea, i.e. the
Amorgos Island, for one year period (2012). Detailed PET
results are then used in order to inform the development of
an electricity demand forecasting model with the use of
ANNs and the respective detailed time series of electricity
demand in Amorgos Island (see also Fig. 1).
According to Fig. 1, is obvious that during the summer
period and especially during July and August the electricity
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The first layer is the input layer, one or more hidden layers
follow and the final layer is the output layer. An input layer
serves as buffer that distributes input signals to the next
layer, which is a hidden layer. Each neuron of the hidden
layer communicates with all the neurons of the next hidden
layer, if any, having in each connection a typical weight
factor. So, each unit-artificial neuron in the hidden layer
sums its input, processes it with a transfer function and
distributes the result to the output layer.
It is also possible that there are several hidden layers
connected in the same fashion. The units-artificial neurons in
the output layer compute their output in a similar manner.
Finally, the signal reaches the output layer, where the output
value from the ANN model is compared to the target value
and an error is estimated. Thus, the values of weight factors
are amended appropriately and the training cycle is repeated
until the error is acceptable, depending on the application.
Since data flow within the artificial neural network from a
layer to the next one without any return path, such kind of
ANN models are defined as feed-forward ANN models [12].
Concerning our methodology, initially the hourly values of
PET are calculated applying the RayMan model, for the
whole year 2012 using data including hourly values of air
temperature (oC), wind speed (m/s), relative humidity (%),
and global solar irradiation (W/m2) (see also Figs. 2-5).

demand in Amorgos Island is higher, almost double, than the
rest of the year. This is due to the population increase, since
July and August are the main touristic months for Amorgos
Island as well as for the whole Aegean Sea. It is also during
the same period that electricity needs skyrocket; owed to the
increased cooling needs and the use of air conditioning units
(see also Fig. 2).

Fig. 1. Variation in hourly electricity load demand for Amorgos Island
during the year 2012.

Fig. 2. Variation in hourly ambient temperature for Amorgos Island during
the year 2012.

ANNs are a branch of artificial intelligence developed in the
1950s aiming at imitating the biological brain architecture.
They are an approach to the description of functioning of the
human nervous system through mathematical functions.
Typical ANNs use very simple models of neurons. These
artificial neurons models retain only very rough
characteristics of biological neurons of the human brain
[11]. ANNs are parallel distributed systems made of many
interconnected nonlinear processing elements (PEs), called
artificial neurons [12].
A renewal of scientific interest has grown exponentially
since the last decade, mainly due to the availability of
appropriate hardware that has made them convenient for fast
data analysis and information processing. During the last two
decades more and more scientists around the world have
applied ANN models in many different scientific fields [13].
In this work, a special and well known kind of ANN
models, the Multi-Layer Perceptron (MLP) is applied in
order to predict, on an hourly basis, the load demand in
Amorgos Island, during the year 2012. The MLP is the most
commonly used type of ANNs [14]. Its structure consists of
PEs, which are arranged in layers, and connections.

Fig. 3. Variation in hourly wind speed at 1.1m above sea level for
Amorgos Island during the year 2012.

Fig. 4. Variation in hourly solar irradiance for Amorgos Island during the
year 2012.

Then, the year is divided into two seasons, the cold season
of the year (October-April) and the warm season of the year
(May-September). Fig. 6 presents the mean hourly
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training. The second subset which contains only the month
July, was totally unknown to the trained ANN1 model and
used as the testing set.

variation of PET values vs the mean hourly ELD for both the
cold and the warm season of the year 2012. It seems that
during sunlight, the ELD and PET values have a similar
behavior for both the cold and the warm period of the year.
During the night, the ELD presents a maximum due to the
use of artificial lighting. The ELD is higher during the warm
period of the year, as it was expected, due to the great
number of tourists visiting the Amorgos Island.

III. RESULTS AND DISCUSSION
For an effective evaluation of the predictive ability of the
developed ANN1 and ANN2 models, a number of wellknown statistical indices such as, the Mean Bias Error
(MBE), the Root Mean Square Error (RMSE), the
coefficient of determination (R2) and the Index of
Agreement (IA) were calculated [15]. Table 1 presents the
values of the aforementioned evaluation statistical indices.
TABLE I
SAMPLES OF TIMES ROMAN TYPE SIZES AND STYLES USED FOR
FORMATTING A PES TECHNICAL WORK

ANN1 (January 2012)
ANN2 (July 2012)

MBE
(kW)
+8.7
+2.1

RMSE
(kW)
61.6
106.8

R2

IA

0.901
0.915

0.972
0.977

To this end, Fig. 7 depicts the observed versus the predicted
ELD values using the prediction of ANN1 and ANN2
models, respectively, both demonstrating quite increased
values for the resulting coefficient of determination,
exceeding in both cases 0.9.

Fig. 5. Variation in hourly relative humidity for Amorgos Island during the
year 2012.

Fig. 6. Intraday variation of ELD and PET values for Amorgos Island
during the year 2012.

(a)

Then, two separate ANNs models were developed. ANN1
was trained in order to predict the hourly values of ELD
during the cold period of the year. ANN2 was trained in
order to predict the hourly values of ELD during the warm
period of the year. In both cases, as input nodes (input layer)
the number of the month (1, 2, 3… 12), the number of the
hour (1, 2, 3 …, 24), the ELD from the three previous hours
(ELDt-3, ELDt-2, ELDt-1) and the PET value (PETt) of the thour, were used. The target value (output layer) was the
ELD of the t-hour (ELDt). Both ANN1 and ANN2 consist of
one hidden layer. For the appropriate training of ANN1, the
cold period of the year was divided into two subsets.
The first contains all the months of the cold period of the
year (training data set) except January and was used for
ANN1 training. The second subset which contains only the
month January, was totally unknown to the trained ANN1
model and was used as the testing set. Similarly, for the
appropriate training of ANN2, the warm period of the year
divided into two subsets.
The first contains all the months of the warm period of the
year (training data set) except July and used for ANN2

(b)
Fig. 7. Scatter plots of hourly observed versus predicted ELD values for
Amorgos Island during January (a) and July (b) 2012.

Accordingly, Fig. 8 shows the results for January (Fig. 8a)
and for July (Fig. 8b) prediction of hourly ELD for Amorgos
Island. The blue line represents the ELD values recorded in
2012 and the red line represents the ELD values
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that the ANN models predicted for the year 2012 in each
case.
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Fig. 8. The January (a) and the July (b) prediction of hourly ELD values
for Amorgos Island (year 2012).

IV. CONCLUSIONS

VI. BIOGRAPHIES

According to the preliminary results obtained by the
development of the prognostic models, there is strong
evidence of high correlation between PET and the local
electricity demand in Amorgos Island, which allows for the
sufficiently reliable short-term prediction of electricity
demand. To this end, the development of appropriate signals
for the application of demand side management strategies
that also take into account the prognostic input of RES
power generation becomes possible.
Besides that, by considering also previous research results of
the authors concerning estimation of the PET index in urban
Mediterranean areas (i.e. Athens area), differences noted in
island (rural) regions are illustrated, highlighting at the same
time the critical role that human thermal comfort conditions
hold in the configuration of electricity demand patterns in
the small and medium scale islands of the Aegean Sea.
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Abstract:
Urgency to achieve large-scale integration of the stochastic wind energy production calls among others for
the employment of novel solutions including energy storage, upgrade of electricity grids and application of
effective demand side management. To this end, the problem of limited wind energy integration becomes
even more severe in isolated island regions, owed to the weak character of local electricity grids. For this
purpose, the current study emphasizes on the need for the production of adequately reliable forecasting
wind speed signals that can in turn inform the development of appropriate energy, and especially demand
side management strategies. In this context, we use artificial neural networks and provide prediction of
wind speed for three different island locations of the Aegean Sea, evaluating wind speed signals for one to
10-hours ahead. Our results demonstrate that wind speed predictions up to even 3-hours ahead can
sufficiently inform the development of appropriate energy management strategies, designating the
potential of ANNs in the field of wind speed prediction.
Keywords: forecasting techniques, wind speed, artificial neural networks
Topic: Energy Meteorology (6)

1. Introduction
Achieving large-scale integration of the stochastic wind energy production [1] calls among others for the
employment of novel solutions including energy storage [2], upgrade of electricity grids [3] and application
of effective demand side management [4]. To this end, the problem of limited wind energy integration
becomes even more severe in isolated island regions, owed to the weak character of local electricity grids
[5]. Furthermore, due to the low levels of power generation diversity, such electricity grids have limited
capacity in terms of energy management flexibility, while at the same time they rely heavily on the
operation of diesel-based thermal power generation.
This results to increased electricity production costs and fast wear of the local thermal units, owed to the
requirement for them to follow the intense variations of the local load demand. At the same time, increased
wind energy contribution poses additional challenges to the operation of thermal units, introducing higher
levels of uncertainty concerning the residual load demand to be covered. Considering the above, optimum
energy management is required in order to increase local energy security and also allow for the improved
operation of all participating power generators. But for this to be achieved, accurate prediction of power
generation and electricity demand is also required in order to operate the system under optimal conditions.
In this regard, although it is common for the load demand to follow a certain daily and often seasonal
pattern, the same is not valid for the stochastic nature of wind speed. In fact, prediction of wind speed,
even short-term, comprises a challenge for different forecasting methods [6,7].
For this purpose, the current work emphasizes on the production of adequately reliable forecasting wind
speed signals that can in turn inform the development of appropriate energy, and especially demand side
management strategies. To this end, by using artificial neural networks (ANNs) [8-10] we develop a
forecasting model for the short-term prediction of wind speed. The developed model is accordingly applied
to an area of major interest, i.e. the Aegean Sea, considering certain representative island regions of
different quality wind potential. More precisely, we use a detailed dataset of time series for wind speed
together with additional meteorological parameters for three different Aegean islands that can sufficiently
support the development of an effective ANNs forecasting model. Application results obtained demonstrate
the potential of ANNs to provide accurate predictions up to 3-hours ahead, independently of the wind
regime each time examined.
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2. Data and Methodology
ANNs are a branch of artificial intelligence developed in the 1950s aiming at imitating the biological brain
architecture. They are a mathematical approach to the description of the human nervous system functions.
Typical ANNs use very simple models of neurons. These artificial neurons models retain only very rough
characteristics of biological neurons of the human brain. ANNs are parallel-distributed systems made of
many interconnected non-linear processing elements. A renewal of scientific interest has grown
exponentially since the last decade in the field of ANNs, mainly due to the availability of appropriate
hardware that has made them convenient for fast data analysis and information processing. In fact, during
the last two decades more and more scientists around the world have used ANNs modelling in many
different scientific fields.
In this work, a special and well known kind of ANNs, the Multi-Layer Perceptron (MLP) is applied in order
to predict -on an hourly basis- the wind speed of three different Aegean Sea islands. The MLP is the most
commonly used type of ANNs. Its structure consists of processing elements and connections. Processing
elements, which are called artificial neurons, are arranged in layers. The first layer is the input layer, one or
more hidden layers follow and the final layer is the output layer. An input layer serves as buffer that
distributes input signals to the next layer, which is a hidden layer. Each neuron of the hidden layer
communicates with all the neurons of the next hidden layer, if any, having in each connection a typical
weight factor. So, each unit-artificial neuron in the hidden layer sums its input, processes it with a transfer
function and distributes the result to the output layer.
It is also possible that there are several hidden layers connected in the same fashion. The units-artificial
neurons in the output layer compute their output in a similar manner. Finally, the signal reaches the output
layer, where the output value from the ANN is compared to the target value and an error is estimated.
Thus, the values of weight factors are amended appropriately and the training cycle is repeated until the
error is acceptable, depending on the application. Since data flow within the ANN from a layer to the next
one without any return path, such kind of ANNs are defined as feed-forward ANNs. The structure of a feedforward MLP ANN can be represented in Figure 1.

Figure 1: Typical MLP feed-forward ANN structure
Concerning the current work, a 3-year period (2011-2013) dataset of hourly wind speeds was used (Figure
2) for three islands examined (i.e. the islands of Ikaria, Mykonos and Naxos), corresponding to different
quality wind potential (Figure 2). The first two years (2011-12) were used for the training of ANNs that were
accordingly asked to predict wind speed values of the last year 2013. Apart from the hourly wind speed
2

values, additional input data also included hourly information on ambient pressure, ambient temperature
and finally relative humidity of the local areas (Figures 3 and 4). Furthermore, after a number of trials, input
nodes (input layer) were educated on the basis of data corresponding to the 3-previous hours, this
designated to be the optimum input signal for the prediction of hours-ahead wind speed values. The target
value (output layer) was the wind speed value of the t-hour, extended from one to 10-hours ahead.
3-Year (2011-13) Hourly Wind Speed Measurements
for the Three Aegean Island Locations
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for the Three Aegean Island Locations
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Figure 2: Hourly wind speed measurements and wind speed cumulative probability for the three locations
examined

3-Year (2011-13) Hourly Ambient Temperature
Measurements for the Three Aegean Island Locations
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Figure 3: Hourly measurements of ambient temperature for the areas of interest
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Figure 4: Hourly measurements of ambient pressure and relative humidity for the areas of interest
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3. Application Results
For the evaluation of the predictive ability of the developed ANN model, a number of statistical indices
were calculated [9]. Specifically, the Mean Bias Error (MBE), the coefficient of determination (R2) and the
Index of Agreement (IA). In this context, in the following Figures 5 and 6, application results concerning the
island of Mykonos are presented.
Correlation between Observed and Predicted Wind Speed
Values - 1 Hour Ahead Prediction - Mykonos
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Figure 5: Regression results for the area of Mykonos; Prediction of 1 to 6-hours ahead
More precisely, correlation between observed and predicted wind speed values is presented for a
prediction time horizon of one to 10-hours ahead. According to the results obtained, the developed ANN
model achieves to provide rather satisfactory prediction up to 3-hours ahead, with the respective 1-hour
ahead prediction being determined by R2=0.906. On the other hand, when asking for a 10-hour ahead
prediction, the ANN model fails to provide satisfactory results, with the respective R2 being equal to almost
0.427.
Overall results for all three locations are given in Table 1, where values of MBE, IA and R2 are included in
order to evaluate the predictive ability of the developed ANN model. The conclusion previously drawn
concerning Mykonos is validated for the other two islands as well, reflecting the fact that the predicting
ability of the developed ANN model is not affected by the wind regime examined. Furthermore, predicting
ability of the developed ANN models is also better illustrated in Figure 7, where a typical weekly
comparison is provided between observed and predicted wind speed values for the islands of Ikaria and
Naxos respectively.
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Figure 6: Regression results for the area of Mykonos; Prediction of 7 to 10-hours ahead
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Figure 7: Comparison between observed and predicted wind speed values for a typical week and the
islands of Ikaria and Naxos (1-hour ahead)
Table 1: Values of statistical indices for the evaluation of ANN forecasting ability

IKARIA
10HA
9HA
8HA
7HA
6HA
5HA
4HA
3HA
2HA
1HA

0.027
0.001
‐0.010
‐0.017
0.028
0.019
‐0.034
0.008
‐0.008
‐0.043

MBE (m/s)
MYKONOS NAXOS
‐0.147
‐0.096
‐0.176
‐0.161
‐0.181
‐0.189
‐0.171
‐0.213
‐0.223
‐0.141

‐0.004
‐0.007
‐0.008
0.008
0.006
0.029
0.017
0.013
0.015
0.015

IKARIA

IA
MYKONOS NAXOS

0.718
0.759
0.790
0.821
0.852
0.876
0.903
0.928
0.952
0.976

0.703
0.741
0.776
0.811
0.842
0.871
0.900
0.927
0.949
0.975

5

0.679
0.719
0.749
0.791
0.824
0.861
0.891
0.920
0.947
0.976

IKARIA
0.447
0.489
0.531
0.572
0.608
0.654
0.713
0.773
0.832
0.912

R2
MYKONOS NAXOS
0.427
0.459
0.500
0.544
0.593
0.640
0.688
0.765
0.827
0.906

0.397
0.435
0.470
0.517
0.563
0.621
0.685
0.751
0.822
0.910

Finally, by using a typical pitch-control wind power curve (cut-in wind speed of 4m/s, cut-out wind speed of
25m/s and nominal power wind speed of 10m/s), we estimate the respective annual capacity factor based
on the observed and predicted wind speed values respectively. Results obtained for a 1-hour ahead
prediction are given in Figure 8, where as it may be seen, predicted-based values appear to be marginally
lower than the corresponding observed-based ones. At the same time, difference between the observed
and the predicted capacity factor seems to increase as the local wind potential quality imroves with the
greatest difference –in the order of 4%- noted for the area of Mykonos.

Comparison between the Observed and the Predicted
Annual Capacity Factor of a Typical Wind Machine
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Figure 8: Comparison between observed and predicted annual capacity factor for the operation of a typical
wind machine in the three areas of investigation (1-hour ahead)

4. Conclusions
Aiming to the production of reliable wind speed prediction signals, an ANN model was developed in the
current study, able to provide satisfactory forecasting of wind speed up to 3-hours ahead. To validate the
developed model, three Aegean Sea areas of different quality wind potential were used as case studies,
namely the island areas of Ikaria, Mykonos and Naxos. According to our results, the ability of the
developed ANN model to provide short-term wind speed prediction of sufficient accuracy was designated
for all three areas examined, reflecting its applicability to other, different types of wind regimes as well.
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