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a b s t r a c t

The objective of the present work is the medium, short and very short-term prognosis of load demand

(LD) for the small-scale island of Tilos in Greece. For this purpose, Artificial Neural Network (ANNs)
models were developed to forecast the LD of Tilos for different prediction horizons and time intervals,

these covering the cases of 24 h ahead in hourly intervals (medium term prognosis), 2 h ahead in 10-min

intervals (short term prognosis) and 10-min ahead in 1-min intervals (very short term prognosis). At the
same time, stochastic/persistence autoregressive (AR) models were also developed and compared with

the respective ANN models with regards to the LD prediction results obtained.

For the training of the developed ANNs, meteorological data covering the period 2015e2017 were

used, which had been recorded in 1-min intervals by two meteorological masts installed on the island
Tilos. Furthermore, the biometeorological human thermal comfort-discomfort index, known as the

cooling power index (CP), was also estimated and introduced in the training procedure of the forecasting

models, while, for the evaluation of both AR and ANN forecasting models, well established statistical
evaluation indices were applied.

To this end, results show that in all cases covered, i.e. for both medium and short-term prognoses, the

developed ANN forecasting models present a remarkable ability to predict the local LD of the island with
high accuracy, enabling in this way the development of advanced energy management tools for both

end-users and the system operators.

© 2019 Elsevier Ltd. All rights reserved.

1. Introduction

The impact of global fossil fuels’ emissions and the associated
climate crisis have led governments to the establishment of policies
that strongly support the increase of renewable energy contribu-
tion in the electricity sector from a recorded 19% in 2008 to a
desired one third of the total global electricity generation in 2035
[1]. To this end, amongst several solutions, increased interest is
noted during the last decade in the development of the so-called
smart grids [2,3], standing as an integrated infrastructure of po-
wer supply, communication and information technologies, which
enables both utilities and customers to monitor, predict, and

manage energy production and consumption in a more intelligent
and thus more efficient manner [4]. In other words, what a smart
grid does is to integrate advanced communication-networking
technologies into electrical power grids in order to make them
smarter [5], with Lund et al. arguing that smart grids should be seen
as part of an overall smart energy system that [6], able to deliver
electricity in a controlled and efficient manner throughout the
electricity supply chain, i.e. from the point of generation to the
point of active end-users [7].

In the same direction, the development of novel demand side
management (DSM) techniques that can facilitate the operation of
smart grids is a very important issue [8,9]. DSM is one of the most
important elements in a smart grid that allows customers to make
informed decisions regarding their energy consumption and helps
energy providers to reduce peak demand periods and smoothen
the load profile [10], with most of the existing DSM programs* Corresponding author.
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focusing on the interaction between a utility company and its
customers/users [11].

In more detail, and according to Ramchurn et al., the develop-
ment of smart grids shall eventually introduce the deployment of
smart devices that will allow autonomous software agents, repre-
senting the consumers, to optimize the use of domestic appliances
and overall smart home systems while interacting with the grid
[12]. What is important to stress at this point is that, without some
form of coordination, the population of agents may result to overly-
homogeneous patterns that could in turn generate significant load
peaks. This can then lead to the reduction of the overall system
efficiency, potentially increasing carbon emissions and also causing
blackouts.

In this context, amongst the different proposals and solutions
for the efficient operation of smart grids and microgrids (e.g.
Ref. [13]), the development of advanced forecasting tools [14] is
considered to be of primary importance. This is also demonstrated
by several relevant studies putting forward the development of
load demand (LD) forecasting tools for the optimum management
of smart microgrids. In more detail, Hahn et al. presented an
overview of various models and methods used to predict LD [15],
while Raza and Khosravi provided a more specific view of LD
forecasting techniques for smart grids and buildings, based on
Artificial Neural Networks (ANNs) [16]. Moreover, Moghram and
Rahman presented a comparative evaluation of five short-term load
forecasting techniques, such as Multiple Linear Regression, Sto-
chastic Time Series, General Exponential Smoothing, State Space
Method and Knowledge-Based Approach [17]. Next, Park et al.
presented an ANN approach for electric load forecasting [18], with
the developed ANNs used to “learn” the relationship between past,
present and future temperatures and loads, while Finally, Senjyu
et al. stressed the problem of model overfitting for the prediction of
LD with ANN models, especially in the case of sudden changes in
load patterns [19].

Based on the above, the main objective of the present work is
the development of three different ANN forecasting models in or-
der to predict the LD of Tilos island in Greece, for three different
forecasting horizons. The first ANN model was trained to forecast
the local LD 24 h ahead in an hourly interval (medium term prog-
nosis). The second ANN model was trained to forecast the local LD
2 h ahead in 10-min intervals (short term prognosis) and the third
ANN model was trained to forecast the local LD 10 min ahead in 1-
min intervals (very short term prognosis). Besides the ANN models
developed, autoregressive (AR) time series forecasting models were
also trained and compared with the corresponding developed ANN
prognostic models for each of the above-mentioned scenarios.

2. Data and methodology

2.1. Study area and data collection

The specific study was carried out in the framework of TILOS
project. TILOS is a European research project that engaged 13
partners from 7 different European countries (DE, FR, EL, UK, SE, IT,
ES), aiming to demonstrate the integration and interoperability of
local scale renewable energy sources (RES), community-scale bat-
tery storage and distributed smart metering and DSM within a
smart microgrid environment on the remote island of Tilos, at the
SE part of the Aegean Sea in Greece (Fig. 1).

For training the ANNs, meteorological and LD data were
collected from the island of Tilos covering the period 2015e2017
(almost 3 years). More specifically, air temperature, relative hu-
midity, wind speed, barometric pressure and solar irradiation data
were recorded through a system of two separate meteorological
masts on Tilos island, while LD data were obtained by dedicated

grid load meters measuring the island's electricity consumption at
the distribution grid level. All of the aforementioned data were
recorded at 1-min interval.

2.2. ANNs topology and architecture

ANNs are a branch of artificial intelligence developed in the
1950s, aiming at imitating the biological brain architecture. They
are parallel-distributed systems made of many interconnected
nonlinear processing elements (PEs), called neurons [20,21]. A
renewal of interest has grown exponentially in the last decades,
mainly for the availability of suitable hardware that has made them
convenient for fast data analysis and information processing. Fig. 2
presents the structure of a biological neuron (Fig. 2a) as well as the
structure of an artificial neural (Fig. 2b).

In this work, Multilayer Perceptron (MLP) ANN models were
developed to predict the LD of the entire Tilos island. MLP is the
most commonly used type of ANN topology. Its structure consists of
processing elements (PEs) and connections. The PEs, called also
artificial neurons, are arranged in layers: the input layer, one or
more hidden layers, and the output layer [21,23]. Since data flow
within the specific ANN structure from one layer to the other does
not consider of any return path, such kind of ANNs are defined as
feed-forward ANNs. The structure of such a feed-forward MLP ANN
is represented in Fig. 3.

With regards to the input data for the training of the ANN
models, the 1-min values of wind speed and air temperature were
initially used in order to determine the respective values of the
biometeorological index known as Cooling Power (CP) index
[25,26]. The CP index describes the loss of energy that a human
body can withstand per unit of time and body surface [26]. To this
end, hourly values of air temperature (T, oC) and wind speed (u, m/
s) were used for the calculation of the CP index in accordance with
the following equation [27] (Eq. (1)):

CP¼1:163,
 

10:45þ 10,u0:5 " u
!

,ð33" TÞ (1)

The classification of the CP index values. corresponding to the
equivalent feeling of human thermal comfort/discomfort is given in
Table 1 [28].

It should be mentioned at this point that the use of the CP index
is considered of primary importance for the training of the ANNs,
taking also into account that the population of Tilos island is found
to increase remarkably during the hot period of the year, owing to
tourism. Hence, the local LD is increasing rapidly due to the
extended use of air conditioning systems in order to encounter high
temperatures and uncomfortable human thermal sensation.

To this end, for the selection of the most appropriate input pa-
rameters for the training of the models, the trial and error method
was applied, designating also the importance of using the CP index.
Actually, it was found that when the CP index was used as an input
parameter, the performance (coefficient of determination) of the
trained models improved by 7.0e8.0%. Furthermore, the CP index
incorporates two meteorological parameters, i.e. air temperature
and wind speed (Eq. (1)). Using the CP index as an input parameter,
the number of input processing elements was reduced (e.g. instead
of using as input parameters the maximum, minimum and mean
value of temperature and wind speed for the three previous days).
As a result, the developed models needed less training time, which
is a rather important factor to take into account while in operation
mode. At this point, it should be mentioned that the developed
models have been already deployed in an integrated forecasting
platform within the frame of TILOS project. With the use of this
forecasting platform, the developed models are both automatically
executed on a daily basis and auto-retrained periodically. To this
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end, it must be underlined that execution time of the models,
including secondary processes such as retraining, is crucial for the
proper energy management and scheduling of the entire system.

As already seen, the first of the three developed ANN models

was trained to predict the LD of Tilos island 24 h ahead in an hourly
interval (medium term prognosis). The specific model takes into
account the values of training parameters of the three (3) previous
days in order to generate 24 hourly prediction values of LD for the
following day (day-ahead). For example, to obtain predictions on
Wednesday, the model uses as input parameters data of the 3
previous days (Sunday, Monday and Tuesday) and generates 24
hourly values of LD predictions for the coming day (Thursday). To
this end, the model is able to predict the 24 LD hourly values of the
next day at any time of the day (from 01:00 up to 24:00). In this
context, the input and output-target data for training the above

Fig. 1. Tilos Island, Greece.

Fig. 2. Biological (a) and artificial (b) neuron structure [22].

Fig. 3. Typical MLP feed-forward ANN Structure [24].

Table 1

Classification of human thermal comfort/discomfort sensation according to CP

values.

CP (W/m2) Classification of human comfort/discomfort sensation

CP< 0 Endothermal-very hot discomfort

0< CP% 174 Atonicehot discomfort

175% CP% 349 Hypotonicehot sub comfort

350% CP% 699 Neutral-comfort

700% CP% 1049 Tonicecold sub comfort

CP& 1050 Cold discomfort
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ANN model are presented in Table 2.
The second of the three models was trained to forecast the local

LD f of Tilos in 10-min intervals for the next 24 consecutive hours.
For example, at 10:00 o'clock in the morning the developed model
is able to predict the LD for 10:10, 10:20, 10:30, 10:40, 10:50, 11:00,
11:10, …, up to 10:00 o'clock in the morning of the next day. The
same forecast is executed every 10 min for the next 24 h (24 h x 6
intervals per hour¼ 144 prediction values). The input and output-
target data for the training of the above developed ANN model
are shown in Table 3.

Finally, the third developed ANN model predicts the local LD for
the next 10-min at a minute interval. The specific model can be
executed every minute in order to generate prediction for the LD of
the island for the next 10 min at 1-min resolution (10 prediction
values). More precisely, to obtain the LD prediction at 10:14, the
model predicts the LD for the next 10 min (e.g. 10:15, 10:16, 10:17,
10:18, 10:19, 10:20, 10:21, 10:22, 10:23 and 10:24) using past-
historical data from 10:00 up to 10:04 (5 min of historical data).
Then, the model predicts the LD for the next 10 min (e.g. 10:16 up to
10:25) using past-historical data from 10:01 up to 10:05 etc. In this
way, the model is able to predict the local LD for every single
minute for the next 10 min. The input and output-target data for
training the ANN very short-term forecasting model are shown in
Table 4.

With regards to the development of the models, for each fore-
casting horizon (medium-term, short-term and very short-term)
the respective dataset (data from April 2015 to April 2017 were
used) was separated into three different subsets, i.e. the training
subset, the cross-validation subset and the testing subset [22]. The
first subset included 80% of the available data and was used for the
training phase. The second subset included 10% of the data and was
used for the cross-validation test and the remaining 10% (third
subset) was used for the testing phase.

At the same time, the optimum model architecture was decided
after a trial and error method was applied, with all models devel-
oped comprising of one input layer, one hidden layer and one
output layer (1-1-1) with sigmoid hidden neurons and linear
output neurons. Moreover, for the training of the models, the
Levenberg-Marquardt backpropagation algorithm was used
[29,30], while all of the developed models were implemented and
trained in MatLab environment.

2.3. Autoregressive time series models

Statistical models for time series data can have many different
forms and represent different stochastic processes. A very well-
known and widely used persistence model in literature, is the AR
model [31,32]. AR models are based on the idea that current values
of the series, Xt, can be explained as a linear combination of (n) past

consecutive values, Xt"1, Xt"2,…, Xt"n, together with a random error
in the same series. An AR model of order (n), abbreviated AR(n), can
be expressed as in equation (2):

Xt ¼41Xt"1 þ 42Xt"2 þ 43Xt"3 þ…þ 4nXt"n þwt (2)

where, (wt) is known as white noise and 41, 42,…, 4n (4ns0) are the
model parameters. The simplest AR model process is AR(0), which
has no dependence between the terms. In fact, AR(0) is essentially
white noise.

Similar to the case of ANNs, for each forecasting scenario (me-
dium-term, short-term and very short-term) the dataset of LD values
was separated, this time in two different subsets, i.e. the training
subset and the testing subset. The first subset included 90% of the
available data and was used for the training phase, while the second
subset (10% of the data) was used for the testing phase and was the
same with the testing subset of the developed ANNs models.

2.4. Statistical evaluation indices

For the evaluation of the forecasting ability of the developed
models, appropriate statistical evaluation indices were applied
[22,26]. More precisely, the mean bias error (MBE), the root mean
square error (RMSE), the mean absolute percentage error (MAPE),
the index of agreement (IA) and the coefficient of determination
(R2) were estimated.

The MBE represents the degree of correspondence between the
mean forecast and the mean observation. The MBE is used to
quantify the model underestimation or overestimation compared
to the observed data. Positive values indicate an overestimation and
negative values indicate an underestimation, with the MBE being
calculated as:

MBE ¼
1

N

X

N

i¼1

ðFi " AiÞ (3)

where Fi concerns the forecasted values, Ai the corresponding
actual values and N is the number of predictions (pairs).

Next, the RMSE is a quadratic scoring rule that also measures the
average magnitude of the error. It is the square root of the average
of squared differences between predictions and actual observa-
tions. Both MBE and RMSE express average model prediction errors
expressed in the units of the variable of interest. The RMSE is
calculated as:

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1

N

X

N

i¼1

ðFi " AiÞ
2

v

u

u

t (4)

Table 2

Input and output-target data for training the medium-term forecasting model.

Input Data Output Data-Target

The number (M) of the month (from 1 up to 12) of the three previous days The load demand (in W) of the (H) hour of the next day

The number (D) of the day (from 1 up to 31) of the three previous days

The hour (H) of the day (from 1 up to 24) of the three previous days

The day type (DT)-(Monday¼ 1 up to Sunday¼ 7) of the three previous days

The total global solar irradiation (in W/m2) on the horizontal plane at the (H) hour from the three previous days

The minimum, maximum and average relative humidity (%) of the (H) hour from the three previous days

The minimum, maximum and average value of Cooling Power index of the (H) hour from the three previous days

The total load demand (in W) of the (H) hour from the three previous days

The number (M) of the month (from 1 up to 12) of the next day

The number (D) of the day (from 1 up to 31) of the next day

The hour (H) of the day (from 1 up to 24) of the next day

The day type (DT)-(Monday¼ 1 up to Sunday¼ 7) of the next day
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where Fi concerns the forecasted values, Ai the corresponding
actual values and N is the number of predictions (pairs).

The MAPE is an accuracy measure based on percentage (or
relative) errors. The MAPE measures the size of the error in per-
centage between 0% (best prediction) and 100% (worst prediction)
and is calculated as:

MAPE ¼
100

N

X

N

i¼1

'

'

'

'

Ai " Fi
Ai

'

'

'

'

(5)

where Fi concerns the forecasted values, Ai the corresponding
actual values and N is the number of predictions (pairs).

The coefficient of determination (R2) gives the percentage of the
variation of the data which can be explained by the developed
model (linear regression between the observed-actual and the
modeled values). It ranges between 0 and 1 (i.e. 0%e100% of the
variation in y can be explained by the x-variables through the use of
a forecasting model). Obviously, the best score of R2 is 100%. The
coefficient of determination is calculated as:

R2 ¼

2

6

4

PN
i¼1½ðAi " AaveÞðFi " FaveÞ(

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

PN
i¼1ðAi " AaveÞ

2
q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

PN
i¼1ðFi " FaveÞ

2
q

3

7

5

2

(6)

where Fi concerns the forecasted values, Ai the corresponding

actual values, Fave, Aave is the average of the forecasted and actual
values respectively and N is the number of predictions (pairs).

Finally, the index of agreement (IA) takes values from 0 to 1.
Values of the IA close to 1 indicate that the forecasted values are
close to the corresponding observed ones, and as such, a small
prognostic error occurs. The IA is calculated as:

IA¼1"

PN
i¼1ðFi " AiÞ

2

PN
i¼1ðjFi " Aavej þ jAi " AavejÞ

2
(7)

where Fi concerns the forecasted values, Ai the corresponding
actual value, Aave is the average of the actual values and N is the
number of predictions (pairs).

3. Results and discussion

After the training phase, the testing dataset was used in order to
evaluate the forecasting ability of the developed models, with the
respective results presented in the following sections.

3.1. Medium-term prognostic model

Table 5 presents the values of the statistical evaluation indices
for the developed medium-term AR and ANNs forecasting models.

According to Table 5, the developed ANN model presents more

Table 3

Input and output-target data for training the short-term forecasting model.

Input Data Output Data-Target

The number of the month of the previous day (1 for January up to 12 for December) The load demand (in W) of the same 10min interval for the next

dayThe number of the day of the previous day (1 up to 30 or 31)

The hour of the prediction of the previous day (0 up to 23)

The minute (10mintues interval) of the prediction of the previous day (10 up to 60)

Total solar irradiation (in W/m2) on the horizontal plane of the same 10 min interval of the previous

day

Minimum average relative humidity (%) of the same 10 min interval of the previous day

Maximum average relative humidity (%) of the same 10 min interval of the previous day

Average relative humidity (%) of the same 10 min interval of the previous day

Absolute minimum value of Cooling Power index of the same 10 min interval of the previous day

Absolute maximum value of Cooling Power index of the same 10 min interval of the previous day

Average value of Cooling Power index of the same 10 min interval of the previous day

Total energy demand (in W) of the same 10 min interval of the previous day

The number of the month of the forecasted day (1 for January up to 12 for December)

The number of the day of the forecasted day (1 up to 30 or 31)

The hour of the prediction of the forecasted day (0 up to 23)

The minute (10mintues interval) of the prediction of the forecasted day (10 up to 60)

Table 4

Input and output-target data for training the very short-term forecasting model.

Input data Output Data-Target

The number of the month of the (t) minute (1 for January up to 12 for December) The load demand (in W) of the (tþ15) minute

The number of the day of the (t) minute (1 up to 30 or 31 depends of the month)

The hour of the (t) minute (0 up to 23)

The minute (t) (0 up to 59)

The day type (1 for Monday up to 7 for Sunday) of the (t) minute

The solar irradiation (in W/m2) of the (t) minute

The relative humidity (%) of the (t) minute

The value of Cooling Power index of the (t) minute

The Load Demand (in W) of the (t) minute

C All the above input data are repeated for 5 consecutive minutes (t, tþ1, tþ2, tþ3, tþ4).

C 5 min X 9 input data per minute¼ 45 input data (columns)

C After the 45 columns the following input data presented to the model:

The number of the month of the (tþ15) minute (1 for January up to 12 for December)

The number of the day of the (tþ15) minute (1 up to 30 or 31 depends of the month)

The hour of the (tþ15) minute (0 up to 23)

The minute (tþ15) (0 up to 59)

The day type (1 for Monday up to 7 for Sunday) of the (tþ15) minute
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accurate predictions than the ones obtained from the AR model.
This superiority is more obvious when applying the testing dataset,
with the developed ANN model proving to be both more stable and
more generic.

In more detail, if considering that the mean hourly value of LD
for Tilos is about 346.0 kW, the forecasting accuracy of the devel-
oped ANN model seems quite satisfactory (Table 5). The MBE
is "4.7 kW, which indicates that the model underestimates the
local LD by 4.7 kW per hour of prognosis on average. Moreover, the
RMSE is equal to 37.3 kW which, in combination with the value of
the MAPE (7.8%) and the observed mean hourly LD (346.0 kW),
indicates a small prognostic error. Next, the IA is equal to 0.983,
which reflects that the forecasted LD values are very close to the
corresponding observed ones, while finally, R2 is equal to 0.944
meaning that the developed model can explain 94.4% of the
observed hourly LD values. In this context, Fig. 4a, presents the
scatterplot between the observed and the forecasted LD values and
Fig. 4b the errors’ histogram between the observed and forecasted
LD values.

According to Figure 4b and 86.9% of the forecasted LD errors are
within the range of ±50 kW and 97.72% of the forecasted LD errors
between the range of ±100 kW. At the same time and in terms of
hourly energy values, it is for the 86.9% of the total forecasts that
the error is maintained within the ±50 kWh area, with a mean
observed hourly value of about 346 kWh.

3.2. Short-term prognostic model

Similar to the medium-term models, Table 6 presents the values
of the statistical evaluation indices for the developed short-term AR
and ANN forecasting models.

According to the results obtained during the training phase,
both ANN and AR models show a similar forecasting ability. On the
other hand, during the testing phase, the AR model loses its

forecasting ability, while the ANN model presents a remarkable
prognostic ability which remains at the same level for both the
training and testing phase. This indicates that the trained ANN
model is more stable and able to produce more generic LD fore-
casts, even for “unknown” data not considered during the training
phase.

Given to this end that the mean value of LD in 10-min intervals
for Tilos is about 346.0 kW and considering the results given in
Table 6, it can be stated that the forecasting accuracy of the
developed ANN model is quite satisfactory.

In the same context, the MBE is "1.5 kW, indicating that the
model underestimates the LD in an average value of 1.6 kW per 10-
min interval of prognosis. Next, the RMSE is equal to 32.6 kW which
in combination with the value of the MAPE (7.2%) and the observed
mean value of 10-min LD (346.0 kW) indicates a small prognostic
error, while the IA is equal to 0.987, which means that the fore-
casted LD values are very close to the corresponding observed ones.
Finally, R2 is equal to 0.962 reflecting that the developed model can
explain 96.2% of the observed 10-min interval LD values. The
relevant results are illustrated in Fig. 5a, where the scatterplot
between the observed and the forecasted LD values is given, and in
Fig. 5b, where the errors’ histogram between the observed and
forecasted LD values is provided.

According to Figure 5b and 89.4% of the forecasted LD errors are
within the ±50 kW range and 98.87% of the forecasted LD errors are

Table 5

Statistical evaluation indices for the medium-term forecasting models.

MBE (kW) RMSE (kW) IA MAPE (%) R2

Training data ANN (training) "4.7 37.3 0.983 7.8 0.944

AR (training) "1.4 41.8 0.979 8.2 0.921

Testing data ANN (testing) "4.1 32.7 0.985 6.8 0.948

AR (testing) þ6.3 35.5 0.939 10.0 0.786

Fig. 4. Scatterplot between the observed LD and the forecasted LD values (a) and errors histogram (ObservedeForecasted LD) (b) for the medium-term forecasting ANN model.

Table 6

Statistical evaluation indices for the short-term forecasting model.

MBE (kW) RMSE (kW) IA MAPE (%) R2

Training data ANN "1.5 32.6 0.987 7.2 0.962

AR "1.0 33.4 0.981 7.6 0.950

Testing data ANN "1.1 28.7 0.982 7.1 0.960

AR þ1.9 31.5 0.954 8.5 0.828
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lying between ±100 kW. With regards to energy values at the same
time, the error is found to be ±8.3 kWh in a percentage of 89.4% of
the total forecasts, with the respective mean observed 10-min value
being 57.7 kWh.

3.3. Very short-term prognostic model

Finally, Table 7 presents the values of the statistical evaluation
indices for the developed very short-term AR and ANN forecasting
models. According to the table results, both AR and ANN models
present a rather satisfying prognostic ability of approximately the
same level during both the training and the testing phase. However,
it seems that the ANN model presents a small prognostic superi-
ority. Moreover, and as also seen previously, the developed ANN
model seems to be more stable giving more generic LD forecasts
compared to the AR model, even for “unknown” future data that are
not included in the training subset. This can be explained because
of the stability determining 1-min interval LD data. In other words,
the LD is not changing so rapidly and dramatically within 1-min
intervals and as such both the AR and the ANN model are able to
capture this persistence which allows them to give an adequate
prediction.

Considering that the mean value of LD in 1-min intervals for
Tilos is 343.7 kW and taking also into account the results of Table 7,
it can be stated that the forecasting accuracy of the developed ANN
model is quite satisfactory. To this end, the MBE is "0.5 kW indi-
cating that the model underestimates the LD by 0.5 kW on average
per 1-min interval of prognosis. Moreover the RMSE is equal to
16.9 kW, which in combination with the value of the MAPE (4.0%)
and the observed mean value of 1-min LD (343.7 kW) reflects a
small prognostic error, while at the same time the IA is equal to
0.995, which means that the forecasted LD values are close to the
corresponding observed ones. Finally, R2 is equal to 0.980; thus the
developed model is able to explain 98.0% of the observed 1-min

intervals LD values.
Acknowledging the above, Fig. 6a presents a scatterplot be-

tween the observed and the forecasted LD values and Fig. 6b the
errors’ histogram between the observed and forecasted LD values.

In more detail, according to Fig. 6b, it seems that 99.18% of the
forecasted LD errors are lying between the ±50 kW range and
99.94% of the forecasted LD errors are lying between the ±100 kW
range. Moreover, in terms of energy in 1-min intervals, the error is
found in the order of ±0.83 kWh with a mean observed 1-min value
of 5.7 kWh in a percentage of 99.18% of the forecasts.

3.4. Comparison with existing work related to LD forecasting

During the last decades, many different methods have been
proposed for the prediction of load demand (electricity demand).
The most frequently used techniques are [33]: multiple regression,
exponential smoothing, iterative reweighted least-squares models,
adaptive load forecasting models, stochastic time series, fuzzy logic,
artificial neural networks, etc. According to our review, the most
cited studies use ANNs in order to predict electricity consumption,
with the models’ performance being rather satisfactory, in the
expense however of the computational time which is normally
higher than in other methods [34].

To this end, in Table 8 we make an effort to compare the results
of representative published work on energy demand forecasting
using different techniques, forecasting horizon and time resolution
on the basis of the MAPE (%) index.

According to Table 8, there are different forecasting models for
different forecasting horizons and cases, which does not always
allow for a direct comparison between models. Actually, there is a
different prediction horizon with a different forecasting horizon
step in each case. For example, prediction of LD for the next 30 min
(one value) and prediction of LD for the next 30 min with 5 min
forecasting step (6 values) are quite different and cannot be
compared on an equal basis.

Furthermore, the prognosis of LD may refer to different pop-
ulations and environments. The fluctuation of LD in a large, densely
populated city for example is quite different to the LD of a small
island of approximately 400 inhabitants, where, the overall LD
could be quite sensitive even to slight changes in the LD patterns of
individual end-users. However, based on a first-level comparison
and focusing on short-term and very short-term forecasting
models, the performance of developed ANN models seems to
compare positively with the rest of techniques.

Fig. 5. Scatterplot between the observed LD and the forecasted LD values (a) and errors histogram (ObservedeForecasted LD) (b) for the short-term forecasting ANN model.

Table 7

Statistical evaluation indices for the very short-term forecasting model.

MBE (kW) RMSE (kW) IA MAPE (%) R2

Training data ANN "0.5 16.9 0.995 4.0 0.980

AR "0.2 17.3 0.993 4.8 0.975

Testing data ANN "0.5 17.1 0.995 4.2 0.979

AR 0.5 18.2 0.989 5.2 0.970
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Fig. 6. Scatterplot between the observed LD and the forecasted LD values (a) and errors histogram (Forecasted-Observed LD) (b) for the very short-term forecasting ANN model.

Table 8

Published results from representative LD forecasting-related papers.

Authors Forecasting Method/Modelling Demand type and

forecasting horizon

MAPE

(%)

Cunkas and Altun [35] Recurrent ANNs-Backpropagation ANNs Annual electricity

consumption

%2.5

Zhou et al. [36] Trigonometric Grey prediction Annual electricity

consumption

2.37

Akay and Atak [37] Analysis of the Energy Demand-Grey prediction with rolling mechanism Annual electricity

consumption

5.7

Ucenic & George [38] Adaptive artificial neural fuzzy logic inference system Monthly electricity

demand

4.17

Abdel-Aal [39] Abductive networks modeling/ANNs modeling Monthly electricity

demand

3.0 up

to 4.0

Gonzalez-Romera et al. [40] Fourier series-ARIMA-ANNs Monthly electricity

demand

%2.0

Chang et al. [41] Fuzzy logic ANNs-Backpropagation ANNs-Multiple regression analysis model Monthly electricity

consumption

6.43

Wang et al. [42] Seasonal autoregressive moving average (SARIMA)-Particle Swarm Optimization (PSO) optimal Fourier

method-Combined models of PSO optimal Fourier method with SARIMA

Monthly electricity

consumption

2.19

Al-Qahtani and Crone [43] k-nearest neighbor regression method Monthly electricity

consumption

1.81

Vu et al. [44] Multiple regression model-Time series analysis Monthly electricity

consumption

1.35

Wang et al. [45] Trend fixed ε-Support Vector Regression (SVR) Monthly electricity

consumption

3.79

Hong et al. [46] Chaotic immune algorithm-Support vector regression (SVR) Monthly electricity

consumption

1.76

Wang [47] K-mean-ANNS- ANNs with chromosomes embedded genetic algorithm (GA) Monthly electricity

consumption

7.1

Hor et al. [48] Autoregressive moving average (ARIMA)- Generalized Autoregressive Conditional Heteroscedasticity

(GARCH)

Daily load demand 1.0 up

to 3.0

Ismail et al. [49] Multivariate regression model-Regression model with Box/Jenkins autoregressive error Daily peak electricity

demand

1.71

Shang [50] Time series modelling Non-parametric bootstrap method-Regression Hourly electricity

demand

z7.0

Fattaheian-Dehkordi et al. [51] Support vector regression (SVR) Hour-ahead electricity

demand

0.8 up

to 1.5

Voronin & Partanen [52] ANNs Thirty-minutes interval

electricity demand

1.95

An et al. [53] Feed forward ANNs Half-hour electricity

demand

2.42

Setiawan et al. [54] Support Vector Regression (SVR) Electricity consumption

in 5 min intervals

%1.0
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4. Conclusions

In the present work three different ANN models were developed
in order to forecast the LD of Tilos island in Greece. For this purpose,
meteorological and LD data were used, which cover the period from
April 2015 to April 2017.

Results showed that the developed models, capturing three
different forecasting horizons, present a remarkable prognostic
ability. To this end, a moderate error of approximately 7.9% was
found in the case of the medium-term forecasting model (hourly-
basis predictions for the next 24 h); an error of about 7.2% was
calculated for the case of the 10-min intervals for the next 24 h
(short term prognosis) and finally an error of about 4.0% was esti-
mated in the case of 1-min intervals for the next 10 min (very short-
term prognosis).

To this end, what can be stressed is that with the use of the
developed ANN prognostic models, the system operator is
informed with predictions of sufficient accuracy for the next 24 h in
a medium, short and very short prognostic term-resolution, which
in turn enables the design of advanced energy management stra-
tegies. In any case, further investigation is currently encouraged in
order to further increase the forecasting ability of the proposed LD
forecasting models using, in a parallel process, as primary inputs,
data from numerical weather prediction models as well.
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