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Abstract

District heating networks are commonly addressed in the literature as one of the most effective solutions for decreasing the 
greenhouse gas emissions from the building sector. These systems require high investments which are returned through the heat
sales. Due to the changed climate conditions and building renovation policies, heat demand in the future could decrease, 
prolonging the investment return period. 
The main scope of this paper is to assess the feasibility of using the heat demand – outdoor temperature function for heat demand 
forecast. The district of Alvalade, located in Lisbon (Portugal), was used as a case study. The district is consisted of 665 
buildings that vary in both construction period and typology. Three weather scenarios (low, medium, high) and three district 
renovation scenarios were developed (shallow, intermediate, deep). To estimate the error, obtained heat demand values were 
compared with results from a dynamic heat demand model, previously developed and validated by the authors.
The results showed that when only weather change is considered, the margin of error could be acceptable for some applications
(the error in annual demand was lower than 20% for all weather scenarios considered). However, after introducing renovation 
scenarios, the error value increased up to 59.5% (depending on the weather and renovation scenarios combination considered). 
The value of slope coefficient increased on average within the range of 3.8% up to 8% per decade, that corresponds to the 
decrease in the number of heating hours of 22-139h during the heating season (depending on the combination of weather and 
renovation scenarios considered). On the other hand, function intercept increased for 7.8-12.7% per decade (depending on the 
coupled scenarios). The values suggested could be used to modify the function parameters for the scenarios considered, and 
improve the accuracy of heat demand estimations.
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Abstract 

The stochastic character of wind power generation suggests limitations on the increased shares of wind energy in electricity 
systems and challenges market integration of wind power, mainly due to the fact that nowadays, new wind parks are set to cope 
with more dynamic pricing mechanisms. In this new environment, where advanced bidding strategies need to be adopted from 
wind power actors, the introduction of novel elements to support wind power generation and address the inherent impact of 
variability is thought to be a prerequisite. To this end, the current study expands the work of previous studies by examining 
different methods of prediction with regards to wind power forecasting. More specifically, both Artificial Neural Networks 
(ANNs) and Support Vector Regression (SVR) models are trained and tested on the basis of different prediction horizons, using 
as case study real wind speed and wind power generation measurements from a wind park operating in the Greek territory. 
Models are trained using an in-house forecasting tool, with results obtained reflecting the better fit of the SVR method overall, 
especially for time horizons longer than 6 hours ahead. At the same time, an effort is made in order to optimize prediction of 
wind power generation through the combination of both prediction approaches via clustering of prediction areas. This novel 
approach results in an improvement of the predictions obtained, despite the fact that the SVR method already performs 
sufficiently even for 24 hours ahead. 
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new wind parks are set to cope with more dynamic pricing mechanisms. The traditional feed-in-tariff schemes fade 
out and more market-dependent mechanisms, such as feed-in-premium, create a new environment for wind power 
producers [5]. In this new, dynamic environment, where advanced bidding strategies need to be adopted from wind 
power actors [6,7], the introduction of novel elements to support wind power generation and address the inherent 
impact of variability is thought to be a prerequisite.  

Energy storage is one such novel element that can contribute at large in both supporting higher penetration of 
wind energy [8-10] and ensuring wind parks' dispatching under optimized terms of operation and revenue making 
[11]. On the other hand, energy storage, and mainly battery technologies, are only nowadays appreciating what 
seems to be a promising market growth that could lead to lower costs [12], which in turn could make this solution 
affordable to the wider spectrum of wind power applications and not just to some niche aspects of it (e.g. off-grid 
and island electricity systems where the dominant oil-based power generation suggests increased operation costs that 
could justify the coupling of wind power and energy storage [13,14]). In the meantime, the scientific interest has 
grown considerably over the last years with regards to the investigation of advanced forecasting techniques using 
Artificial Intelligence (AI) and Machine Learning (ML) for various types of problems and applications in the energy 
sector [15-17], including also wind power generation forecasting [18-19]. In this context, the development of 
forecasting techniques allows for the implementation of predictive control in combined wind-storage schemes [20], 
contributing to optimized operation and costs' reduction, and also supports the development of efficient bidding 
strategies for wind parks participating in electricity markets [21]. This becomes possible through the production of 
both short and long-term predictions that could effectively extend even to day(s)-ahead, applying different time 
intervals and prediction horizons that support constant dispatching optimization.  

Using an in-house software tool that has been developed from the Soft Energy Applications Lab team, tailored to 
forecasting applications through the exploitation of various integrated AI forecasting techniques and algorithms, 
different aspects of wind power generation forecasting are investigated in the current work. More precisely, by using 
real-life operational data from an existing wind park operated on the Greek island of Euboea (interconnected to the 
Greek mainland), we first apply individual predictions of wind power generation, up to 24h ahead, using Artificial 
Neural Networks (ANNs) and Support Vector Regression (SVR) models. After assessing the performance of the two 
individual techniques, we proceed with combining them in order to create an ensemble model, aiming to the 
production of optimized prediction results through clustering and without the need of exhaustive training.  

2. Methodology 

The methodology followed in the current study with regards to the prediction of wind power generation is 
summarized in the following steps: 
 Processing and use of actual data from an in operation wind farm in Greece (see also section 3) in order to train 

the forecasting models for the prediction of wind power generation at the wind park level. 
 Use of the in-house forecasting software tool and training of ANN and SVR models, considering prediction 

horizons up to 24h ahead, on an hourly basis, in the context of non-exhaustive training. 
 Assessment of the individual performance of ANN and SVR models with the use of typical evaluation metrics 

for the case investigated. 
 Hybridization of ANN and SVR through clustering in an effort to produce optimized wind power generation 

prediction results under the assumption of non-exhaustive model training.  

2.1. The Forecasting Software 

The forecasting tool is an automated AI platform, based on the Encog ML Framework, that is capable of solving 
regression problems, such as the prediction of wind power generation. The range of ML methods available is limited 
to two ML methods (ANNs and SVR), while for the models’ hyperparameters tuning one may perform either 
Random Search or Grid Search. The Grid Search refers to looping on fixed sets of parameters values (defined in the 
User Interface). In contrast, Random Search refers to parameters value update based on the results of a previous trial 
[22]. In this context, one may use different combinations of Features-Predictions as input in order to form a set of 
“data” cases, which is also automatically extended based on the desired forecasting horizon (length and step), the 
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training and validation partitioning and the historical data (backward data) of each feature to consider. Similarly, for 
every “data” case, the tool generates a set of “model” cases, based on the preferences defined at the user interface 
(Fig. 1). In this way, the performance of different ML methods as well as the effect of each hyperparameter involved 
can be explored. 

 

 
Fig. 1. User Interface of the in-house forecasting software tool of SEALAB 

2.2. The Forecasting Techniques  

The employed ML methods are SVR and ANNs, with the latter taking the form of Feed-forward or Recurrent 
networks. Regarding SVR, the main idea is to find a function f(x) that presents a maximum ε deviation from the 
actual training targets for all training patterns [23]. The margin of tolerance ε is set to 0.1. In order to deal with the 
non-existence of a function capable to approximate all the training pairs with ε precision, SVR models adapt the 
“soft margin” loss function concept by using slack variables at the constraints of the optimization problem (i.e 
finding a hyperplane that splits data maximizing the distance between the support vectors and the hyperplane). 
Additionally, a constant C is introduced in the objective function, in order to penalize the use of those slack 
variables. Constant C is a hyperparameter that affects function f(x), with its value being subject to trials using 
logarithmic steps and with the appropriate value being highly dependent on the training set. In case of training 
patterns separated in a non-linear way at the N-dimensional space, instead of finding a higher degree curve, one may 
increase N. This is due to the fact that the formulation requires only the dot product of the training data and thus N, 
or even a transformation function, are redundant. To this end, one may substitute directly the dot product with a 
Kernel Function. In the developed tool, the Radial Basis Function kernel, or Gaussian kernel is used: 

2'( , ') x x
RBFK x x e  

    (1) 

where x (test vectors) and x' (support vectors) are the vectors to be projected into a new vector space and γ is a 
hyperparameter representing the inverse of the radius of influence of selected support vectors. 

Regarding the ANNs, the main difference between a Feed-Forward and a Recurrent network, which in our case is 
an Elman network, is that the first allows information to travel from input to output, while the second one allows 
information travelling in both directions. The latter is achieved by an additional layer with neurons, named Context 
Layer, which stores the hidden units’ value. The content of Context Layer is fed back into the Hidden Layer during 
the next stage of input, providing the network with “memory”. 

Training ANNs requires the values of many hyperparameters to be set. Besides the network pattern (Feed-
Forward, Elman), one must define the number of hidden layers (i.e. 1 in case of an Elman network), the number of 
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neurons per hidden layer, the activation functions (which are closely related with the normalization field) and the 
training methods together with their properties (Table 1). 

Table 1. Tested Configuration. 

Property Options 

Architectures Feed-Forward, Elman 

Training Methods Back Propagation, Levenberg-Marquardt, Resilient Propagation and 
Simulated Annealing 

Activation Functions Tanh, Softmax 

3. Case Study & Training Dataset 

For the application of the described methodology and of the in-house forecasting tool of SEALAB, a wind park 
operated in the Greek mainland electricity system is currently used as case study. The wind park studied is located in 
the interconnected island of Euboea and employs a total of 10 wind turbines of 750kW each (Neg Micon NM44). A 
detailed dataset of almost 2.5 years of operation has been made available, including measurements of actual wind 
energy production, together with wind speed and wind direction at hub height, for all 10 wind turbines. A 
representative sample of wind speed and wind power generation measurements are provided to this end in Fig. 2, 
with the long-term average wind speed of the wind park estimated at ~9.3m/s, which leads to an average capacity 
factor exceeding 38%.  

 

  
Fig. 2. Wind speed and wind power generation measurements from the investigated wind park in Euboea island, Greece 

 
The specific set of measurements was processed so that a clean dataset is produced for the training of the different 

forecasting models used. As already mentioned, different prediction horizons were tested, i.e. from 1 to 24h ahead, 
while for the training of the models 41 Features and 60.000 records were used. These are the measurements 
registered to each wind turbine (i.e. wind speed, wind direction, power generation, ambient temperature) together 
with an indicator of time. 

4. Application Results 

Regarding the use of ML methods for wind power generation prediction, as expected, the models’ performance 
gradually decays as the prediction horizon increases. To this end, in the present case study, the Elman models are 
found to be sufficiently accurate until 6 hours ahead (Table 2), with results for 24 hours ahead being determined by 
an R2 of ~87% and an index of agreement equal to ~65%, which is improved considerably in comparison to 
previous, similar studies, based on the use of ANNs [18]. The generated predictions are also presented in Fig. 3, in 
the form of time series (static and moving respectively), allowing for the direct comparison between the predicted 
and the original (ground truth) wind power output values.  
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Table 2. Prediction accuracy of ANNs for different prediction horizons 

Prediction Horizon 
Method Index 

1h 6h 12h 24h 

R2 99.52% 94.84% 88.94% 87.32% 
ANNs 

Index of Agreement 99.71% 95.32% 85.85% 64.99% 

 

  
Fig. 3. Presentation of forecasting results obtained from ANNs 

 
At the same time, utilization of the SVR method has proved more efficient, since the model applied performs 

better at predicting the power generation spikes and minima. However, there is a certain power generation area for 
which combination of ANNs and SVR results (ensemble model) seems to comprise the best approach, even if SVR 
outperforms ANNs in general. An example is illustrated in Fig. 4, where the combination of both methods is 
introduced through clustering, i.e. in the range between 1500kW and 3800kW the average prediction is used (see 
also Table 3). To conclude, as the prediction horizon increases, ANNs provide less accurate predictions of the wind 
power generation. On the other hand, even for the day-ahead prediction, a well-tuned SVR seems to give very 
satisfactory results (99.60% R2, 98.99% index of agreement and 334kW mean absolute error). 

 

   
Fig. 4. Regression analysis: The Elman network (a), the SVR (b) and the ensemble model (c) for prediction horizon of 3h ahead 

Table 3. Prediction accuracy of the tested methods for 3h ahead 

Index Elman SVR Hybrid 

R2 97.01% 98.83% 99.02% 

Index of Agreement 98.19% 99.40% 99.49% 

 

Conclusions 

The current study examined different methods of prediction with regards to wind power forecasting. To this end, 
ANN and SVR models were trained and tested on the basis of different prediction horizons, using as case study real 
wind speed and wind power generation measurements from a wind park operating in the Greek territory. Models 
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The current study examined different methods of prediction with regards to wind power forecasting. To this end, 
ANN and SVR models were trained and tested on the basis of different prediction horizons, using as case study real 
wind speed and wind power generation measurements from a wind park operating in the Greek territory. Models 
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were trained using an in-house forecasting tool, with results obtained reflecting the better fit of the SVR method 
overall, especially for time horizons longer than 6 hours ahead. At the same time, an effort was made in order to 
optimize prediction of wind power generation through the combination of both prediction approaches via clustering 
of prediction areas, which resulted in slight improvement of the predictions obtained, despite the fact that the SVR 
method already performed sufficiently even for 24 hours ahead.  
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