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Abstract

:

This paper investigates the use of deep learning techniques in order to perform energy demand forecasting. To this end, the authors propose a mixed architecture consisting of a convolutional neural network (CNN) coupled with an artificial neural network (ANN), with the main objective of taking advantage of the virtues of both structures: the regression capabilities of the artificial neural network and the feature extraction capacities of the convolutional neural network. The proposed structure was trained and then used in a real setting to provide a French energy demand forecast using Action de Recherche Petite Echelle Grande Echelle (ARPEGE) forecasting weather data. The results show that this approach outperforms the reference Réseau de Transport d’Electricité (RTE, French transmission system operator) subscription-based service. Additionally, the proposed solution obtains the highest performance score when compared with other alternatives, including Autoregressive Integrated Moving Average (ARIMA) and traditional ANN models. This opens up the possibility of achieving high-accuracy forecasting using widely accessible deep learning techniques through open-source machine learning platforms.
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1. Introduction


The forecasting of demand plays an essential role in the electric power industry. Thus, there are a wide variety of methods for electricity demand prediction ranging from those of the short term (minutes) to long term (weeks), while considering microscopic (individual consumer) to macroscopic (country-level) aggregation levels. This paper is focused on macroscopic power forecasting in the medium term (hours).



To date, researchers are in agreement that electrical demand arises from complex interactions between multiple personal, corporate, and socio-economic factors [1]. All these sources make power demand forecasting difficult. Indeed, an ideal model able to forecast the power demand with the highest possible level of accuracy would require access to virtually infinite data sources in order to feed such a model with all the relevant information. Unfortunately, both the unavailability of the data and the associated computational burden mean that researchers investigate approximate models supplied with partial input information.



Within this framework, the prediction of power consumption has been tackled from different perspectives using different forecasting methodologies. Indeed, there is a rich state of the art of methods which, according to the the authors of [1], can be divided into the following main categories:




	
Statistical models: Purely empirical models where inputs and outputs are correlated using statistical inference methods, such as:




	○

	
Cointegration analysis and ARIMA;




	○

	
Log-linear regression models;




	○

	
Combined bootstrap aggregation (bagging) ARIMA and exponential smoothing.














Although some authors [2] report substantial improvements in the forecast accuracy of demand for energy end-use services in both developed and developing countries, the related models require the implementation of sophisticated statistical methods which are case-dependent with respect to their application. These facts hinder statistical models from forming an affordable and consistent basis for a general power demand forecasting approach.



	
Grey models: These combine a partial theoretical structure with empirical data to complete the structure. When compared to purely statistical models, grey models require only a limited amount of data to infer the behavior of the electrical system. Therefore, grey models can deal with partially known information through generating, excavating, and extracting useful information from what is available. In return, the construction of the partial theoretical structure required by grey models is resource-demanding in terms of modeling. Thus, the cost of an accurate grey model for a particular application is usually high.



	
Artificial intelligence models: Traditional machine learning models are data-driven techniques used to model complex relationships between inputs and outputs. Although the basis of machine learning is mostly statistical, the current availability of open platforms to easily design and train models contributes significantly to access to this technology. This fact, along with the high performance achieved by well-designed and trained machine learning models, provides an affordable and robust tool for power demand forecasting.






However, traditional machine learning models require a pre-processing step to perform the extraction of the main features of the input data; this generally involves the manual construction of such a module. To overcome this requirement (as depicted in Figure 1) modern deep learning techniques [3] have the capacity to integrate feature learning and model construction into just one model. According to this approach, the original input is transferred to more abstract representations in order to allow the subsequent model layers to find the inherent structures.



In this paper, the authors focus the analysis on predicting the energy demand based on artificial intelligence models. Nevertheless, although modern deep learning techniques have attracted the attention of many researchers in a myriad of areas, many publications related to power demand forecasting use traditional machine learning approaches such as artificial neural networks.



As commented above, the use of ANNs in the energy sector has been widely researched. Thanks to their good generalization ability, ANNs have received considerable attention in smart grid forecasting and management. A comparison between the different methods of energy prediction using ANN is proposed in [4] by classifying these algorithms into two groups.



On the one hand, the first group consists of traditional feedforward neural networks with only one output node to predict next-hour or next-day peak load, or with several output nodes to forecast hourly load [5].



On the other hand, other authors opt for radial basis function networks [6], self-organizing maps [7], and recurrent neural networks [8].



Lie et al. compared three forecasting techniques, i.e., fuzzy logic (FL), neural networks (NNs), and autoregressive (AR) processes. They concluded that FL and NNs are more accurate than AR models [9]. In 2020, Chen Li presented an ANN for a short-term load forecasting model in the smart urban grids of Victoria and New South Wales in Australia.



Bo et al. proposed a combined energy forecasting mechanism composed of the back propagation neural network, support vector machine, generalized regression neural network, and ARIMA [10]. Wen et al. explored a deep learning approach to identify active power fluctuations in real time based on long short-term memory (LSTM) [11].



However, traditional ANN solutions have limited performance when there is a lack of large training datasets, a significant number of inputs, or when solving computationally demanding problems [12], which is precisely the case discussed in this paper.



Thus, the authors of this paper found a promising topic related to the application of modern deep learning structures to the problem of power demand forecasting. More specifically, this paper describes the novel use of a particular deep neural network structure composed of a convolutional neural network (widely used in image classification) followed by an artificial neural network for the forecasting of power demand with a limited number of information sources available.



The network structure of a CNN was first proposed by Fukushima in 1988 [13]. The use of CNNs has several advantages over traditional ANNs, including being highly optimized for processing 2D and 3D images and being effective in the learning and extraction of 2D image features [14]. Specifically, this is a quite interesting application for the purposes of this paper, since the authors here aim to extract relevant features from the temperature grid of France (as further explained in Section 2.1.2).



The technique used to locate important regions and extract relevant features from images is referred to as visual saliency prediction. This is a challenging research topic, with a vast number of computer vision and image processing applications.



Wang et al. [15] introduced a novel saliency detection algorithm which sequentially exploited the local and global contexts. The local context was handled by a CNN model which assigned a local saliency value to each pixel given the input of local images patches, while the global context was handled by a feed-forward network.



In the field of energy prediction, some authors have studied the modeling of electricity consumption in Poland using nighttime light images and deep neural networks [16].



In [17], an architecture known as DeepEnergy was proposed to predict energy demands using CNNS. There are two main processes in DeepEnergy: feature extraction and forecasting. The feature extraction is performed by three convolutional layers and three poling layers while the forecasting phase is handled by a fully connected structure.



Based on the conclusions and outcomes achieved in previous literature, the authors here conceptualize their solution which, as described in the next sections, is an effective approach to dealing with the power demand time series forecasting problem with multiples input variables, complex nonlinear relationships, and missing data.



Furthermore, the proposed deep learning structure has been applied to the particular problem of French power demand in a real-setting approach. The next section comprehensively describes the materials and data sources used to this end, so other researchers can replicate and adapt the work of this paper to other power demand forecasting applications. As shown later, the performance of this approach is equal to (if not better than) that of the reference Réseau de Transport d’Electricité (RTE) French power demand forecast subscription-based service. Moreover, the proposed model performs better than existing approaches, as described in the Results section.




2. Materials and Methods


2.1. Data Analysis


2.1.1. Power Demand Data


For this paper, the historical data of French energy consumption were downloaded from the official RTE website [18], which provides data from 2012 to present. A first analysis of this data results is shown in Figure 2, which shows a clear seasonal pattern on the energy demand.



The strong seasonal pattern in the energy demand is further backed by Figure 3, computed with the data of RTE, which depicts the correlation between energy consumption and temperature. As shown, an average variation of 1 °C during winter over the entire territory led to a variation of around 2500 MW in the peak consumption (equivalent to the average winter consumption of about 2 million homes) [18]. In the summer, the temperature gradient related to air conditioning was approximately 400 MW per °C.




2.1.2. Weather Forecast Data


As explained in [19], the meteorological parameters are the most important independent variables and the main form of input information for the forecast of energy demand. Specifically, temperature plays a fundamental role in the energy demand prediction, since it has a significant and direct effect on energy consumption (please refer to Figure 3). Moreover, different weather parameters are correlated, so the inclusion of more than one may cause multicollinearity [19]. Accordingly, for this paper, temperature was the fundamental input used.



The weather forecast historical data were collected from Action de Recherche Petite Echelle Grande Echelle (ARPEGE), which is the main numerical weather prediction provider over the Europe–Atlantic domain.



As indicated in the ARPEGE documentation [20], the initial conditions of this model were based on four-dimensional variational assimilation (4D-Var) that incorporated very large and varied conventional observations (radio sounding, airplane measurements, ground stations, ships, buoys, etc.) as well as those from remote sensing (Advanced TIROS Operational Vertical Sounder (ATOVS), Special Sensor Microwave Imager Sounder (SSMI/S), Atmospheric Infrared Sounder (AIRS), Infrared Atmospheric Sounding Interferometer (IASI), Cross-Track Infrared Sounder (CRIS), Advanced Technology Microwave Sounder (ATMs), Spinning Enhanced Visible and Infrared Imager (SEVIRI), GPS sol, GPS satellite, etc.).



Although ARPEGE provided multiple forecast data related to weather (pressure, wind, temperature, humidity) with a full resolution of 0.1°, the authors of this paper found that the temperature data with a 1° resolution (as shown in Figure 4) were sufficient for the purpose of energy demand forecasting while maintaining easy-to-handle data sets. This finding is also aligned with the strong correlation of energy demand and temperature described in the preceding Section 2.1.1. Figure 4 shows the pre-processing results after reducing the granularity of the grid from 0.1° to 1°.



A key issue related to weather forecasting was the availability of the data, since the providers released their predictions only at certain moments. In this case, the solution had to be be able to predict the French power demand for the day ahead (D+1) based on the weather forecasts at day D.



As depicted in Figure 5, the power demand forecast model was run at 08.00 every day (D), with the most recent weather forecast information available (released at 00.00), and provided a prediction of the energy demand during day D+1.





2.2. Data Preparation


First, the historical datasets related to the French energy consumption (Section 2.1.1) and forecasted temperature (Section 2.1.2) were pre-processed to eliminate outliers, clean unwanted characters, and filter null data. Then, and as is usual practice when training machine learning models, the resulting data were divided into three datasets: training, validation, and testing.



Although the historical French consumption data provided by RTE date back to 2012, the authors of this paper had only access to the ARPEGE historical weather forecast data in the period spanning from 1 October 2018 to 30 September 2019. Although a wider availability of historical weather forecast data would have benefitted the generalization capability of the resulting machine learning model, the data set available still covered a whole year, so the seasonal influence was fully captured. Additionally, the authors randomly extracted eight full days from the original data set in order to further test the generalization performance of the model (as depicted in Figure 6 and further discussed in Section 3). This way, the remaining data sets were randomly divided as follows:




	
Training Dataset (80% of the data): The sample of data used to fit the model.



	
Validation Dataset (10% of the data): The sample of data used to provide an unbiased evaluation of a model fit on the training dataset while tuning model hyperparameters.



	
Test Dataset (10% of the data): The sample of data used to provide an unbiased evaluation of a final model fit on the training dataset.









2.3. Deep Learning Architecture


The deep learning architecture used in this paper (as shown in Figure 7) resembles those structures widely used in image classification: a convolutional neural network followed by an artificial neural network. The novelty of this paper is not the deep neural network itself but its application to the macroscopic forecast of energy demand. In fact, the aforementioned deep learning architecture was originally thought to automatically infer features from an input image (made of pixels) in order to subsequently classify such image in a certain category attending to the inferred specific features.



For the applications of this paper, the convolutional network received the temperature forecasts from multiple locations within the area of interest (in this case, France) instead of an image. Still, the convolutional network extracted a “feature” of such input, which may be understood as a representative temperature of France automatically calculated attending to the individual contribution of each location to the aggregated energy consumption. For instance, the temperature locations close to large consumption sites (such as highly populated areas) would be automatically assigned a larger weight when compared to other less populated areas.



As also discussed in Section 1, the advantage of the proposed deep learning structure with respect to traditional (and less sophisticated) machine learning structures is that this feature extraction is implicit to the model, and thus there is no need to design the feature extraction step manually.



As shown in Figure 7, the artificial neural network receiving the “featured” temperature from the convolutional network was also fed with additional information found to highly influence the energy demand as well, namely:




	
Week of the year: a number from 1 to 52.



	
Hour: a number from 0 to 23.



	
Day of the week: a number from 0 to 6.



	
Holiday: true (1) or false (0).








2.3.1. Convolutional Neural Network


As described by the authors in [21], convolutional neural networks, or CNNs, are a specialized kind of neural network for processing data, and have a known, grid-like topology. The name of “convolutional neural network” indicates that the network employs a mathematical operation called convolution, which is a specialized kind of linear operation. Traditional neural network layers use matrix multiplication to model the interaction between each input unit and each output unit. This means every output unit interacts with every input unit. Convolutional networks, however, typically have sparse interactions (also referred to as sparse connectivity or sparse weights). This characteristic provides the CNNs with a series of benefits, namely:




	
They use a fewer number of parameters (weights) with respect to fully connected networks.



	
They are designed to be invariant in object position and distortion of the scene when used to process images, which is a property shared when they are fed with other kinds of inputs as well.



	
They can automatically learn and generalize features from the input domain.








Attending to these benefits, this paper used a CNN to extract a representative temperature of the area of interest (France) from the historical temperature forecast data as explained before. For the sake of providing an easy replication of the results by other researchers, the main features of the CNN designed for this paper were as follows:




	
A two-dimensional convolutional layer. This layer created a convolution kernel that was convolved with the layer to produce a tensor of outputs. It was set with the following parameters:




	○

	
Filters: 8 integers, the dimensions of the output space.




	○

	
Kernel size: (2,2). A list of 2 integers specifying the height and width of the 2D convolution window.




	○

	
Strides: (1,1). A list of 2 integers specifying the stride of the convolution along with the height and width.




	○

	
Activation function: Rectified linear unit (ReLU)




	○

	
Padding: To pad input (if needed) so that input image was fully covered by the filter and was stride-specified.









	
Average pooling 2D: Average pooling operation for special data. This was set with the following parameters:




	○

	
Pool size: (2,2). Factors by which to downscale.




	○

	
Strides: (1,1).









	
Flattening: To flatten the input.



	
A fully connected network providing the featured output temperature:




	○

	
Layer 1: 64 neurons, activation function: ReLU.




	○

	
Layer 2: 24 neurons, activation function: ReLU.




	○

	
Layer 3: 1 neuron, activation function: ReLU.















2.3.2. Artificial Neural Network.


As shown in Figure 7, the CNN output was connected to a fully connected multilayer artificial neural network (ANN) with the following structure.



	
Layer 1: 256 neurons, activation function: ReLU.



	
Layer 2: 128 neurons, activation function: ReLU.



	
Layer 3: 64 neurons, activation function: ReLU.



	
Layer 4: 32 neurons, activation function: ReLU.



	
Layer 5: 16 neurons, activation function: ReLU.



	
Layer 6: 1 neuron, activation function: ReLU.






The weights of all layers were initialized following a normal distribution with mean 0.1 and standard deviation 0.05.




2.3.3. Design of the Architecture


Different tests were performed in order to find the optimum number of layers and neurons. To this end, various networks structures were trained using the same data division for training, validation, and testing. Moreover, the training parameters were also optimized. To this effect, the different models were trained, repeatedly changing the learning parameters (as the learning rate) to find the optimal ones.



Once all the results were obtained, the objective was to find the model with the least bias error (error in the training set) as well as low validation and testing errors. Accordingly, model 5 of the table below was selected.



Finally, L2 regularization was added to our model in order to reduce the difference between the bias error and the validation/testing error. In addition, thanks to L2 regularization, the model was able to better generalize using data that had never been seen.



A summary of the tests performed can be seen in the Table 1 below:





2.4. Training


The training process of the proposed deep neural network was aimed at adjusting its internal parameters (resembling mathematical regression), so the structure was able to correlate its output (the French energy demand forecast) with respect to its inputs.



What separates deep learning from a traditional regression problem is the handling of the generalization error, also known as the validation error. Here, the generalization error is defined as the expected value of the error when the deep learning structure is fed with new input data which were not shown during the training phase. Typically, the usual approach is to estimate the generalization error by measuring its performance on the validation set of examples that were collected separately from the training set. The factors determining how well a deep learning algorithm performs are its ability to:




	
Reduce the training error to as low as possible.



	
Keep the gap between the training and validation errors as low as possible.








The tradeoff of these factors results in a deep neural network structure that is either underfitted or overfitted. In order to prevent overfitting, the usual approach is to update the learning algorithm to encourage the network to keep the weights small. This is called weight regularization, and it can be used as a general technique to reduce overfitting of the training dataset and improve the generalization of the model.



In the model used in this paper, the authors used the so-called L2 regularization in order to reduce the validation error. This regularization strategy drives the weights closer to the origin by adding a regularization term to the objective function. L2 regularization adds the sum of the square of the weights to the loss function [22].



The rest of the training parameters were selected as follows:




	
Batch size: 100. The number of training examples in one forward/backward pass. The higher the batch size, the more memory space needed.



	
Epochs: 30,000. One forward pass and one backward pass of all the training examples.



	
Learning rate: 0.001. Determines the step size at each iteration while moving toward a minimum of a loss function.



	
β1 parameter: 0.9. The exponential decay rate for the first moment estimates (momentum).



	
β2 parameter: 0.99. The exponential decay rate for the first moment estimates (RMSprop).



	
Loss function: Mean absolute percentage error.










3. Results


Different metrics were computed within this paper in order to evaluate the performance of the proposed solution. Specifically, mean absolute error (MAE), mean absolute percentage error (MAPE), mean bias error (MBE), and mean bias percentage error (MBPE) were calculated. Their equations are listed below:


  MAE   ( MW ) =  1 n    ∑  ​   |  y −  y ^   |  ,  



(1)






  MAPE   ( % ) =   100  n    ∑  ​   |    y −  y ^   y   |  ,  



(2)






  MBE   ( MW ) =  1 n    ∑  ​  y −  y ^  ,  



(3)






  MBPE   ( MW ) =   100  n    ∑  ​    y −  y ^   y  ,  



(4)




where  y  is the reference measure (in our case, the real energy demand) and   y ^   is the estimated measure (in our case, the forecasted energy demand).



Once the deep learning structure proposed in this paper was trained with the training data set shown in Figure 6 and its output was tested against the real French energy demand, the authors calculated the different metrics, as shown in Table 2. As an additional performance metric, the authors calculated the metrics of the reference RAE energy demand forecast, which was included for comparison.



The absolute percentage error is also presented in the graphical form provided in Figure 8.



Another interesting measure of the performance of the proposed structure is the absolute percentage error monthly distribution along a full year, as shown in Figure 9.



In Table 3 and Table 4, the monthly distributed results of the metrics from Equations (1)–(4) are also gathered.



The next Figure 10 depicts the results for the testing of the performance of the forecast provided by the proposed deep neural network on the eight full days extracted from the original data.



Finally, in order to compare the performance achieved by the approach proposed in this paper with respect to existing solutions, a comparative study was performed. To this end, the CNN + ANN structure was fed with the temperature grid information while the others, which were not specially designed for processing images, were fed with the average temperature values of France. The ARIMA algorithm received as input the past energy demand and predicted that of the future. The results of the experiment are provided in Table 5.



As the main outcome of the analysis, it can be concluded that the approach that achieved the best results was the deep learning structure presented in this paper, as it showed an improvement even on RTE baseline values. Furthermore, it can be observed that the single ANN, which was only supplied with the average temperature, performed worse than the CNN + ANN method. This fact confirms that the CNN can extract the temperature features for France, providing relevant information to the machine learning algorithm and allowing improved results. Accordingly, the solution presented in this paper was able to enhance the performance of existing methods, thanks to the processing and extraction of features from the French temperature grid performed by the CNN.




4. Discussion


In this paper, the authors presented the adaptation of a deep neural network structure commonly used for image classification applied to the forecast of energy demand. In particular, the structure was trained for the French energy grid.



The results show that the performance of the proposed structure competes with the results provided by the RTE subscription-based reference service. Specifically, the overall MAPE metric of the proposed approach delivers an error of 1.4934%, which is slightly better than the value of 1.4941% obtained with the RTE forecast data.



In addition, a comparison between the proposed solution and existing methods was also performed. As pointed out in the Results section, the suggested approach performed better than all the existing methods which were tested. Specifically, the linear regression, regression tree, and support vector regression (lineal) approaches had a MAPE above 10%, support vector regression (polinomic) had a MAPE of 9.2218%, and ARIMA and ANN had a MAPE that was slightly lower than 3%. Since the MAPE achieved by the proposed structure was 1.4934%, it can be confirmed that the CNN + ANN approach is better than the existing models.



When analyzed on a monthly basis, the errors were uniformly distributed through the year, despite the noticeable increments during the late autumn and winter seasons. This fact is also in accordance with the reference RTE forecast data and may be due to the intermittency of the energy consumption profile observed when French temperatures are low.



The proposed deep neural network also was tested against eight full days randomly selected from the original dataset in order to provide an additional measure of generalization performance. On the one hand and as shown in Figure 10, the errors were uniformly distributed along the selected days. On the other hand, the predictions provided by this paper were quite similar to those predictions provided by the reference RTE subscription service and were also aligned with the overall MAPE metrics. These results indicate that the proposed neural network structure is well designed and trained, and that it generalizes as expected.



The performance achieved in this paper is a promising result for those researchers within the electrical energy industry requiring accurate energy demand forecasting at multiple levels (both temporal and geographical). Despite the focus of this paper on the French macroscopic energy demand problem, the flexibility of the proposed deep neural network and the wide availability of open platforms for its design and training make the proposed approach an accessible and easy-to-implement project. To further facilitate the replication of this paper by other researchers in this area, the authors have included detailed information about the topology and design of the proposed structure.
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Figure 1. Comparison between traditional machine learning models (a) requiring manual feature extraction, and modern deep learning structures (b) which can automate all the feature and training process in an end-to-end learning structure. 
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Figure 2. Monthly French energy demand for the period 2018–2019. Qx indicates the X data percentiles. The colored lines within the Q25 and Q75 quartile boxes represent the median (orange line) and the mean (dashed green line). Points below and above Q25 and Q75 are shown as well. 
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Figure 3. Correlation between energy consumption and temperature as provided by the Réseau de Transport d’Electricité (RTE). 
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Figure 4. Locations of temperature forecasting with a resolution of 1° over France. 
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Figure 5. Real setting of the energy demand forecasting problem. D: day. 
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Figure 6. Division of the original dataset (365 days) into testing and training data. The testing data were used as a complementary means to further analyze the generalization performance of the resulting model. The remaining training data were divided as usual: 80% train, 10% validation, and 10% testing. 
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Figure 7. Deep learning structure composed of a convolutional neural network followed by an artificial neural network adapted to the energy demand forecasting problem. 
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Figure 8. Absolute percentage error distribution provided by the deep learning structure proposed in this paper and the RTE subscription-based service. 
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Figure 9. Absolute percentage error-specific monthly metrics over an entire year as provided by the proposed deep neural network. 
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Figure 10. Performance of the forecast provided by the proposed deep neural network on the eight full days extracted from the original data. (Left column) Real energy consumption, neural network energy prediction and energy prediction by RTE model on a different full day in the Testing Set. (Right column) Absolute Percentage Error in energy prediction throughout the day by the neural network and the model proposed by RTE). 
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Table 1. Summary of the results of the different structures. ANN: artificial neural network; CNN: convolutional neural network.
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	Model
	1
	2
	3
	4
	5





	Layer 1 (CNN)
	-
	64
	64
	64
	64



	Layer 2 (CNN)
	24
	24
	24
	24
	24



	Layer 1 (ANN)
	-
	-
	-
	-
	256



	Layer 2 (ANN)
	-
	-
	-
	128
	128



	Layer 3 (ANN)
	-
	-
	64
	64
	64



	Layer 4 (ANN)
	32
	32
	32
	32
	32



	Layer 5 (ANN)
	16
	16
	16
	16
	16



	Layer 6 (ANN)
	1
	1
	1
	1
	1



	Train Error (%)
	1.9548
	1.2275
	0.6532
	0.4797
	0.4929



	Validation Error (%)
	2.7721
	2.6791
	1.2307
	0.9378
	0.8603



	Test Error 1 (%)
	2.8185
	3.0435
	1.2415
	0.9125
	0.8843



	Test Error 2 (%)
	4.2818
	4.1677
	2.0604
	1.6873
	1.5378



	Cross-Validation Error (%)
	5.8827
	5.3691
	2.6341
	2.0806
	1.6621
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Table 2. Performance comparison metrics. MAE: mean absolute error; MAPE: mean absolute percentage error; MBE: mean bias error; MBPE: mean bias percentage error.
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	Model
	MAE (MW)
	MAPE (%)
	MBE (MW)
	MBPE (%)





	Deep learning network
	808.317
	1.4934
	21.7444
	0.0231



	RTE forecast service
	812.707
	1.4941
	280.8350
	0.4665
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Table 3. Errors provided by the proposed deep learning structure.
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	Month
	MAE (MW)
	MAPE (%)
	MBE (MW)
	MBPE (MW)





	January
	965.1701
	1.3542
	54.1231
	0.0499



	February
	818.8975
	1.2424
	203.2982
	0.2812



	March
	823.4836
	1.4667
	25.0578
	−0.0033



	April
	1041.4191
	1.9774
	554.1952
	1.0199



	May
	684.9614
	1.4718
	94.5629
	0.1791



	June
	544.8806
	1.2693
	29.9470
	0.0536



	July
	588.3867
	1.2318
	−264.5221
	−0.5527



	August
	572.0692
	1.3592
	−98.9578
	−0.2256



	September
	618.1227
	1.3575
	−168.3288
	−0.3636



	October
	676.8499
	1.3964
	67.5875
	0.1724



	November
	1062.7987
	1.7511
	211.3716
	0.3383



	December
	1303.7523
	2.0131
	−385.4661
	−0.5891
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Table 4. Errors provided by the RTE.






Table 4. Errors provided by the RTE.





	Month
	MAE (MW)
	MAPE (%)
	MBE (MW)
	MBPE (MW)





	January
	1078.5000
	1.5249
	275.5658
	0.3773



	February
	1011.5000
	1.5078
	504.5656
	0.7169



	March
	1082.8261
	1.8753
	843.4203
	1.4599



	April
	751.6769
	1.4599
	243.6000
	0.4678



	May
	722.7412
	1.5619
	138.6000
	0.2854



	June
	604.5833
	1.3278
	71.5307
	0.1574



	July
	623.2633
	1.3025
	−156.375
	−0.3392



	August
	607.4872
	1.4180
	92.2435
	0.2202



	September
	543.9652
	1.2333
	8.8125
	−0.0092



	October
	760.9367
	1.4758
	222.9873
	0.3394



	November
	917.9838
	1.5582
	579.1290
	1.0029



	December
	1039.5945
	1.6306
	572.2432
	0.9326
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Table 5. Comparison between the proposed solution and the existing methods.
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	Model
	MAE (MW)
	MAPE (%)
	MBE (MW)
	MBPE (%)





	Linear Regression
	6217.5683
	12.3102
	−232.3066
	−2.5240



	Regression Tree
	5436.8139
	10.4437
	−254.3756
	−2.0879



	Support Vector Regression (Lineal)
	6217.4404
	12.2809
	−0.597
	−2.0014



	Support Vector Regression (Polinomic)
	4813.6934
	9.2218
	246.248
	−1.047



	ARIMA
	1179.964
	2.9480
	104.6737
	0.2097



	ANN
	1537.5137
	2.8351
	132.1096
	0.1195



	CNN + ANN
	808.3166
	1.4934
	21.7444
	0.0231



	RTE Model
	812.6966
	1.4941
	280.835
	0.4665
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