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Abstract 

Variability of energy production is considered to be the main shortcoming in the operation of renewable energy systems. 
Combination of different Renewable Energy Sources (RES), employment of energy storage and application of Demand Side 
Management (DSM), are all elements used to encounter the problem of RES variability. Exploitation of such elements in an 
effective manner challenges the development of advanced Energy Management Systems (EMSs), especially in the case of island 
microgrids with high shares of RES, lacking the flexibility and capacity of centralized electricity systems to facilitate increased 
RES penetration. In this work, and in the framework of the Horizon 2020 TILOS project, an advanced Forecasting System (FS) 
has been developed, able to provide reliable predictions of load demand, wind power and solar power production. The specific 
variables are independently predicted through a set of forecasting models that produce both deterministic and probabilistic results 
for different time horizons and time resolutions, fully adjustable to the requirements of any given island microgrid. The 
developed FS has been deployed and tested considering the smart microgrid of Tilos island, in the SE Aegean Sea, with results 
obtained demonstrating its ability to provide sufficient and accurate forecasts for all studied variables.  
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1. Introduction 

Due to the decrease of fossil fuel reserves, the associated price volatility and the gradual establishment of green 
policies in support of clean power generation and climate change mitigation, the share of Renewable Energy Sources 
(RES) in the global electricity generation is constantly increasing, expected to cover a significant part of the global 
electricity demand in the coming years [1]. But to reach that point, the transition currently attempted from the fossil 
fuels' era to a RES-based electricity mix needs to accelerate, embracing new elements and structures and involving 
new technologies and architectures that will altogether introduce a more intelligent and efficient electricity system.  

To this end, island electricity grids are nowadays seen as the ideal test-beds for the validation of new, smart-grid 
concepts that support high RES penetration [2,3]. To accomplish the latter, introduction of energy storage [4-6] and 
Demand Side Management (DSM) [7,8], together with the active involvement of end-users (active 
consumers/prosumers) [9] and the "spread" of electricity to cover other energy vectors as well (e.g. transportation 
sector) [10], are all considered to be complementary solutions. Apparently, coordination of such smart grids implies 
high levels of complexity and requires advanced, intelligent Energy Management Systems (EMSs) that can cope 
with the intermittency of RES while supporting cost-efficient sizing and operation of all assets and agents and while 
succeeding in satisfying load demand at all times.  

Cost-efficiency is a controversial issue in this debate, since most of the technologies involved have not yet 
reached grid-parity and business models are still under discussion. At the same time however, most non-
interconnected island regions are determined by remarkably high or even extreme electricity production costs [11], 
owing to the high-shares of oil-based power generation in their electricity mix. In fact, there are small, remote island 
regions, where the local electricity production cost may even be twenty times higher than the respective of the 
mainland. This encourages the development of innovative, smart energy solutions that could prove competitive to 
the established oil-based energy model. To appreciate growth for the specific market however, it is clear that the 
cost-efficiency discussion should go beyond the comparison with oil power generation and also explore the potential 
and benefits of advanced energy management.  

In this context, a critical attribute for optimized management of such integrated smart energy solutions is 
forecasting [12,13], extended to capture different variables and microgrid aspects such as RES power generation 
(mainly wind, and solar power), load demand, electricity prices, etc. Predictions with regards to this information are 
considered critical for providing meaningful energy management services for all agents of a microgrid (operator, 
producers, end-users). Acknowledging the above, the main objective of the specific work is to give a short 
presentation of the Forecasting System (FS) incorporated in the advanced Microgrid Management Platform (MMP) 
developed in the context of TILOS Horizon 2020 project. The TILOS MMP is dedicated to the optimum energy 
management of island microgrids and is supported by the ability of the FS to deliver high-accuracy predictions of 
RES power generation and load demand, for different time horizons and resolutions, and in a semi-autonomous 
fashion, allowing in this way for the application of predictive control under different cycles of operation (day-ahead, 
intra-day, medium-term and short-term).  

2. The Forecasting System and its Models 

As already mentioned, the FS comprises a module that is completely integrated in an advanced MMP, developed 
in the context of the Horizon 2020 TILOS project. TILOS is a European research project engaging 13 partners 
(industries, research centers and academic institutes) from 7 European countries (DE, FR, EL, UK, SE, IT and ES). 
Its main goal is to demonstrate the potential of local/small-scale battery storage to serve a multipurpose role within 
an island microgrid (i.e. the island of Tilos in the SE Aegean Sea), with emphasis given on achieving large-scale 
RES penetration (70%-75%) through the optimum integration of a hybrid RES (wind-800 kW and PV-160 kW) 
power station together with advanced battery storage (2.88 MWh/800 kW), smart metering and DSM (~150 
distributed smart metering and DSM panels across the residential sector of Tilos island and central water pumping 
stations of the island). The project objectives are currently accomplished through the gradual deployment and 
operation of an integrated, smart microgrid on the island of Tilos on the basis of the above elements (see also Fig. 1), 
aiming to eventually minimize the supply of oil-based electricity presently transferred from the island of Kos 
through a subsea cable.  
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2.1. The Forecasting System 

As seen earlier, one of the most essential features for the optimized energy management of smart island grids 
with high shares of RES power generation is the incorporation of advanced forecasting models. Such models enable 
uncertainty minimization for both the demand and the production side, together with optimized operation of the 
different system components on the basis of short-term, intra-day and day-ahead dispatch scheduling. In this way, 
wind and solar power penetration can be increased, storage devices can be optimally operated (e.g. battery life 
prolongation) and also downsized, and DSM strategies can become more flexible, altogether reducing the 
production and operation costs of the microgrid as a whole and of the different components individually. 

In this respect, the advanced FS that has been developed is able to provide reliable predictions of load demand, 
wind power and solar power production. The specific variables are independently predicted through a set of 
forecasting models that estimate deterministic and probabilistic results with different time horizons, covering the 
entire band of dispatch scheduling (e.g. from 10 mins up to 24 h ahead) and time resolutions (e.g. min, 10-min, 
hourly and daily), which is also fully adjustable, in accordance with the requirements of any given island microgrid.  

The forecasting models embedded in the FS have been developed with the three Machine Learning (ML) 
techniques that best represent the state of the art in energy prediction, i.e. Artificial Neural Networks (ANNs), 
Support Vector Regression (SVR) and Random Forest (RF) [14]. On the other hand, the FS presents advanced 
features, the main one being the capacity to support the implementation of new forecasting models independently of 
the forecasting technique or technology used. In addition, different ensemble models are also embedded in the FS, 
combining individual models and allowing for the production of improved forecasting results. Using a job 
scheduler, every model is automatically executed on the basis of its own regular timetable according to the given 
requirements, following a Directed Acyclic Graph (DAG) methodology [15]. According to the latter, there are three 
main stages during the execution of each model, including the preparation of the input data, the execution of the 
learning process and the post-treatment of forecasting results.  

In the preparation subtasks, every model accesses a database where the inputs to be used for training are selected. 
Then, under the execution subtasks, forecasting models are executed, providing both deterministic and probabilistic 
predictions for the chosen horizon of prediction. In this stage, the models are also automatically trained with the 
latest historical data available, in accordance with the determined time horizon. Finally, during post-treatment, 
predictions are sent to the database, where they remain stored.  

 

 
Fig. 1. The Tilos island smart microgrid (left) and description of the MMP architecture (right) 

 
On top of that, the FS supports additional tasks, such as the execution of Numerical Weather Prediction (NWP) 

models [16], providing predictions of meteorological variables that are next used in several of the developed models. 
As a final outcome, by applying certain validation criteria on the forecasting results produced from the pool of both 
individual and ensemble models, the FS designates the optimum prediction of each variable. Results obtained are 
eventually transmitted automatically to the MMP, as shown in Fig. 1. Among the main features of the FS, one 
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should also stress the easy and robust connection with the developed EMSs of TILOS project. Both the Hybrid 
Power Station EMS (HPS–EMS), developed to maximize the revenues of the Tilos island HPS, and the High-Level 
EMS (HL-EMS), whose objective is the minimization of system costs -integrating also DSM strategies- are 
executed with the same job scheduler, allowing for the coordinated management of the FS and EMS tasks.  

Moreover, the MMP is also able to directly access the different Tilos assets using different, standard 
communication protocols (such as Modbus TPC, OPC and IEC61850), collecting data for the execution of the 
forecasting models and transmitting commands in concordance with the results obtained (Forecasting – EMS). This 
platform has also the ability to communicate all of the data stored in the database to external clients using 
appropriate asynchronous communication protocols such us AMQP, MQTT or OpenWire. A User Interface (UI) has 
been implemented to this end, both for the FS and the entire MMP, allowing visualization of measurements, 
forecasting and EMS results, and access also to data stored in the databases through different web services. One of 
these web services allows also for the management of the forecasting and EMS models' execution (Fig.1).  

The developed forecasting models embedded in the FS are trained and executed with measurements collected by 
the weather stations and load meters installed on Tilos island (Fig. 2). Data collection from Tilos island began in 
2015, with the installation of two dedicated weather stations (min-resolution of weather data including wind speed at 
different heights, solar irradiance at both the horizontal and tilted surface, ambient temperature, atmospheric 
pressure, relative humidity and PV panel temperature) and two power meters (min-resolution load demand data of 
the whole island and the village of Livadia in the south part of the island). These datasets are initially stored in a 
time series database, with the data used to train, execute and validate the forecasting models being also sent to an 
optimized PostgreSQL database, designed explicitly for this purpose. In this database the results are ordered per 
variable, in concordance with the respective time of execution, horizon and resolution of the forecasting models. 

 

 
Fig. 2. Tilos island weather stations and grid load meters 

2.2. Load Demand Forecasting Models 

Nineteen (19) different forecasting models have been developed and implemented in the FS in order to predict 
load demand with different time resolutions and horizons, for the entire island of Tilos and also for the village of 
Livadia, located in the south part of Tilos and corresponding to almost 2/3 of the local consumption. These models 
are mainly divided in two categories. The first category includes the load demand forecasting models that use as 
inputs only past-historical data. The second category includes the load demand forecasting models that use as inputs 
both past-historical and future meteorological variables from the NWP model. ANN and SVR techniques have been 
used to perform the prediction of load demand, while by using quadratic programming techniques, ensemble results 
are also obtained. For the evaluation of the developed forecasting models, well-known statistical evaluation indices 
are applied [17,18], such as the Symmetric Mean Absolute Percentage Error (SMAPE) and the coefficient of 
determination (R2). Fig. 3 presents prediction results and also values of such statistical evaluation indices for some 
of the developed load demand forecasting models. 
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Model Horizon Resolution SMAPE R2 

ANN_1dayahead_daily 1 day-ahead Daily 1.45% 85.32% 

SVR_1dayahead_daily 1 day-ahead Daily 1.07% 88.52% 

Ensemble_1dayahead_daily 1 day-ahead Daily 1.25% 88.79% 

SVR_1dayahead_AM/PM 1 day-ahead AM/PM 1.18% 90.35% 

ANN_1dayahead_hourly 1 day-ahead Hourly 2.54% 74.25% 

SVR_1dayahead_hourly 1 day-ahead Hourly 1.89% 90.09% 

Ensemble_24hours_daily 1 day-ahead Hourly 1.87% 90.84% 

ANN_Intraday_hourly Intraday Hourly 2.99% 65.18% 

SVR_Intraday_hourly Intraday Hourly 1.58% 90.32% 

Ensemble_Intraday_hourly Intraday Hourly 1.18% 91.45% 

ANN_ShortTerm_hourly 6 hours Hourly 2.21% 89.87% 

ANN_ShortTerm_10min 2 hours 10 min 1.84% 93.35%  
Fig. 3. Load demand forecasting results (graph) and relevant models' statistical evaluation indices  

2.3. Solar Power Forecasting Models 

Nine (9) forecasting models have been implemented to predict solar power generation of the Tilos PV plant, with 
different time resolution and horizons. In this case, the models use as inputs past-historical data and future 
meteorological variables (NWP), except for the case of short-term models in which only historical data is used. In 
this context, Fig. 4 depicts indicative graphic results and also the values of statistical evaluation indices for some of 
the nine solar power forecasting models, illustrating their high accuracy.  

 
Model Horizon Resolution SMAPE R2 

SVR_1dayahead_daily 1 day-ahead Daily 8.47% 87.2% 

SVR_1dayahead_AM/PM 1 day-ahead AM/PM 7.45% 90.8% 

SVR_1dayahead_hourly 1 day-ahead Hourly 8.30% 86.1% 

SVR_Intraday_hourly Intraday Hourly 8.93% 82.2% 

ARMA_SCP_ShortTerm_hourly 6 hours Hourly 6.21% 87.2% 
 

Fig. 4. Solar power forecasting results (graph) and relevant models' statistical evaluation indices 

2.4. Wind Power Forecasting Models 

Eleven (11) forecasting models have been implemented to predict wind power generation using the same 
procedure as the one explained for solar power generation models. Similar to the case of the previous variables, Fig. 
5 presents indicative graphic results and also values of statistical evaluation indices for some of the eleven 
developed wind power forecasting models, again demonstrating the high accuracy achieved for both short-term and 
day-ahead prediction horizons.  

 

 

 

Model Horizon Resolution SMAPE R2 

SVR_1dayahead_daily 1 day-ahead Daily 8.09% 92.20% 

SVR_1dayahead_AM/PM 1 day-ahead AM/PM 7.61% 95.00% 

SVR_1dayahead_hourly 1 day-ahead Hourly 12.37% 85.37% 

SVR_Intraday_hourly Intraday Hourly 17.02% 82.23% 

SVR_ShortTerm_hourly 6 hours Hourly 9.90% 90.10% 

SVR_ShortTerm_10min 2 hours 10 min 9.10% 92.40% 

Fig. 5. Wind power forecasting results (graph) and relevant models' statistical evaluation indices  

Conclusions 

The main objective of the current work was the presentation of the FS, developed in the context of the Horizon 
2020 TILOS project and embedded in the TILOS MMP. The most significant conclusions are listed below: 



6 Author name / Energy Procedia 00 (2018) 000–000 

 The FS developed comprises a stand-alone tool that allows the automatic execution of forecasting models for 
different variables, with different time horizons and also different time resolutions, enabling predictive control for 
different cycles of dispatch scheduling.  

 A total of 39 forecasting models have been developed and implemented in the FS in order to predict load demand, 
solar power generation and wind power generation, on the basis of different time horizons and time resolutions. 
According to the values of the statistical metrics obtained, the developed prognostic models present remarkable 
forecasting accuracy with very high scores.  

 Additional ensemble models have also been developed, which estimate the same variable by combining different 
individual models, helping in this way to further improve forecasting performance.  

 The TILOS FS has been deployed and tested on the smart microgrid of Tilos island, with very satisfactory results. 
On the other hand, the developed FS tool is considered to be generic. As such, it may serve the needs of any other 
application and island microgrid, always under the prerequisite of proper training of the forecasting models used.  

 The developed FS features increased flexibility, in the sense that it can include additional functionalities such as 
data collection, or collaboration with advanced EMSs for microgrids, while at the same time being able to 
incorporate new forecasting models that can also be developed in different programming languages. 
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