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Abstract

:

The electric energy production would be much more efficient if accurate estimations of the future demand were available, since these would allow allocating only the resources needed for the production of the right amount of energy required. With this motivation in mind, we propose a strategy, based on neuroevolution, that can be used to this aim. Our proposal uses a genetic algorithm in order to find a sub-optimal set of hyper-parameters for configuring a deep neural network, which can then be used for obtaining the forecasting. Such a strategy is justified by the observation that the performances achieved by deep neural networks are strongly dependent on the right setting of the hyper-parameters, and genetic algorithms have shown excellent search capabilities in huge search spaces. Moreover, we base our proposal on a distributed computing platform, which allows its use on a large time-series. In order to assess the performances of our approach, we have applied it to a large dataset, related to the electric energy consumption registered in Spain over almost 10 years. Experimental results confirm the validity of our proposal since it outperforms all other forecasting techniques to which it has been compared.
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1. Introduction


The electric energy needs are constantly growing. It is estimated that such demand will increment from 549 quadrillion British thermal unit (Btu), registered in 2012, to 629 quadrillion Btu in 2020. A further increment of   48 %   is estimated by 2040 [1].



The accurate estimation of the short-term electric energy demand provides several benefits. The economic benefits are evident because this would allow us to allocate only the right amount of resources that are needed in order to produce the amount of energy actually needed to face the actual demand [2,3]. There are also environmental aspects to consider, since, by producing only the right amount of energy required, the emission of   C  O 2    would be reduced as well. In fact, energy efficiency is another relevant goal pursued with these kinds of approaches since the accurate forecasting of electricity demand in public buildings or in industrial plants usually leads to energy savings [4,5,6].



Such observations highlight the importance of being able to count on efficient electric energy management systems and prediction strategies and, consequently, different organizations around the world are taking actions in order to increase energy efficiency. Hence, the European Union (EU), under the current energy plan [7], established that EU countries will have to embrace various energy efficiency requirements with the objective of improving at least a   20 %   the energy efficiency. In addition to this, countries belonging to the EU closed an agreement to obtain an additional   27 %   increment of the efficiency by 2020, with the possibility of increasing the target to   30 %   by the year 2030.



Forecasting algorithms could contribute to reaching such objectives [2,3]. In this context, energy demand forecasting can be described as the problem of predicting the energy demand within a specified prediction horizon, using past data, or, in other words, a historical window.



Depending on the time scale of the predictions, we can generally distinguish three classes of forecasting, i.e., short, medium and long-term forecasting. In short-term forecasting, the objective is to predict the energy demand using horizons going from one hour up to a week. If the prediction horizon is set between one week and one month, we talk about medium-term forecasting, while long-term forecasting involves longer horizons [8].



In this paper, we focus on the problem of short-term forecasting. This is an important problem, since with accurate predictions of short-term load it would be possible to make precisely plan the resources that need to be allocated in order to face the actual demand, which, as already stated, would have benefits from both the economical and environmental points of view.



To this aim, we propose an extension of the work proposed in [9], where a deep feed-forward neural network was used to tackle the short-term load forecasting problem. In the original work, the tools provided by the H2O big data analysis framework were used along with the Apache Spark platform for distributed computing.



Differently from [9], where a grid search strategy was used for setting the values of the deep neural network parameters, in this work, we propose to use a genetic algorithm (GA) in order to determine a sub-optimal set of hyper-parameters for building the deep neural network that will then be used for obtaining the predictions. Due to the large search space composed of all hyper-parameters of a deep learning network, and considering that the method should be scalable for big data environments, it has been decided to reduce the search range of the GA. For this reason, our proposal will not always be able to find the optimal set of hyper-parameters for the network, but ensures a competitive sub-optimal configuration.



Our main motivation lies in the observation that the success of deep learning depends on finding an architecture to fit the task. As deep learning has scaled up to more challenging problems, the architectures have become difficult to design by hand [10]. To this aim, evolutionary algorithms (EAs) can be used in order to find good configurations of the deep neural networks. Individuals can be set of parameter values, and their fitnesses are determined based on how well they can be trained to perform in the task.



This field is known as neuroevolution, which, in a nutshell, can be defined as a strategy for evolving neural networks with the use of EAs [11]. Usually, deep artificial neural networks (DNNs) are trained via gradient-based learning algorithms, namely backpropagation, see for example [12]. EAs can be used in order to seek the optimal values of hyper parameters, for the example the learning rates, or the number of layers and the amount of neurons per layer, among others.



It has been proven that EAs can be combined with backpropagation-based techniques, such as Q-learning and policy gradients, on difficult problems, see, e.g., [13]. In fact, the problem of setting parameters for such methods is not trivial, and, if the parameters are not correctly set, the forecasting can be poor.



The above observations motivate us to use a neuroevoltution approach in order to tackle the short-term energy load forecasting problem. In order to validate our proposal, we applied it to a dataset regarding the electric energy consumption registered over almost 10 years in Spain. We have also compared our proposal with other standard and machine learning (ML) strategies, and results obtained confirm that our proposal achieves the best predictions.



In the following, we summarise the main contributions of this paper:




	
We propose a new general-purpose approach based on deep learning for big data time-series forecasting. Due to the high computational cost of the deep learning, we adopted a distributed computing solution in order to be able to process large time series.



	
The hyper-parameter tuning and optimization of the deep neural networks is a key factor for obtaining competitive results. Usually, the hyper-parameters of a deep neural network are pre-fixed previously or computed by a grid search, which performs an exhaustive search through the whole set of established hyper-parameters. However, the grid search presents an important limitation: it works with discrete values, which greatly limits the fine-tuning of the vast majority of hyper-parameters. Thus, an evolutionary search is proposed to find the hyper-parameters.



	
We conduct a wide experimentation using Spanish electricity consumption registered over 10 years, with measurements recorded every 10 min. Results show a mean relative error of 1.44%, demonstrating the high potential of the proposed approach, also compared to other forecasting strategies.



	
We evaluate our proposal predictive accuracy and compare it with a strategy based on deep learning using a grid search for setting the hyper parameters. The evolutionary search showed to be effective in order to achieve higher accuracy.



	
In addition, we compare the approach with seven state-of-the-art forecasting algorithms such as ARIMA, decision tree, an algorithm based on gradient boosting, random forest, evolutionary decision trees, a standard neural network and an ensemble proposed in [14], outperforming all of them.



	
We analyze how the size of the historical window affects the accuracy of the model. We found that when using the past 168 values as input features to predict the next 24 values the best results were obtained.








The rest of the paper is organized as follows. In Section 2 we provide a brief overview of the state of the art of electric energy time-series forecasting. The dataset used in this work is described and analyzed in Section 3.1, while the methodology used is discussed in Section 3.2. In Section 4 we describe the results obtained by our approach and compare them to those achieved by other strategies. Finally, we draw the main conclusions and identify futures works in Section 5.




2. Related Works


As previously mentioned, a lot of attention has been paid to short-term electricity consumption forecasting during the last decades. This section provides a brief overview of up-to-date related works.



We can distinguish two main strategies to predict energy consumption. A first strategy is based on conventional methods, e.g., [15,16], whilst an alternative, and more recent strategy, is based on ML techniques.



Conventional methods include, among others, statistical analysis, smoothing techniques such as the autoregressive integrated moving average (ARIMA), exponential smoothing and regression-based approaches. Such techniques can obtain satisfactory results when applied to linear problems.



In contrast, ML strategies are also suitable for non-linear cases. We refer the reader to [17] for an expanded survey on data mining techniques applied to electricity-related time-series forecasting. In this work, several markets and prediction horizons are considered and discussed.



Popular ML techniques successfully applied to the forecasting of power consumption data include Artificial Neural Networks (ANN) [18,19,20] or Support Vector Machines (SVM), see, for instance, [21,22].



Other strategies are based on pattern similarity [23,24]. Since 2011, when the Pattern Sequence based Forecasting (PSF) algorithm was published [24], a number of variants has been proposed for forecasting this kind of time-series [25,26,27,28], including an R package [29] and a big data version [30]. Grey forecast models have also been used for predicting time-series. In particular such an approach has been applied to forecast the demand of natural gas in China. For instance, in [31] a self-adapting intelligent grey prediction model was proposed, where a linear function was used in order to automatically optimize the parameters used by the proposed grey model. This strategy was substituted with a genetic algorithm in [32], which resolved various limitations of the previous mechanism. A novel time-delayed polynomial grey model was introduced in [33], while in [34] authors proposed a least squares support vector machine model based on grey analysis.



Recently, Deep Learning (DL) has also been applied to this problem, see, e.g., [9,35]. However, to the best of our knowledge, a part from the early version [36] and few other works, such as [37], in which Brazilian data were analyzed, or [38] for Irish data, or [39] for Chinese data, no other works based on DL can be found in the literature.



Although ML techniques provide effective solutions for time-series forecasting, these methods tend to get stuck in a local optimum. For instance, ANN and SVM may get trapped in a local optimum if their configuration parameters are not properly set.



Recently, methods developed for big data environments have also been applied to electricity consumption forecasting. In [40] an approach based on the k-weighted nearest neighbours algorithm was introduced and implemented using the Apache Spark framework. The performances of the resulting algorithm were tested using a Spanish energy consumption Big Data time-series. As mentioned above, in 2018, Torres et al. [9] proposed a DL model to deal with big data time-series forecasting. In particular, the H2O Big Data analysis framework was used. Results from a real-world dataset composed of electricity consumption in Spain, with a ten-minute frequency sampling rate, from 2007 to 2016 were reported.



As can be seen, although much attention has been paid to the electricity consumption forecasting problem, few works based on DL have been proposed. Moreover, such existing works did not applied any metaheuristic strategy to set the parameters. These facts highlight the existing gap in the literature and justify, from the authors’ point of view, the development of this work.



As previously stated, in this paper we aim at using DL, in order to perform time-series forecasting. In DL, many parameters have to be set. The setting of such parameters have a great influence on the final results obtained by such a strategy. An alternative way to set the DL parameters is to use an Evolutionary Algorithm (EA) in order to find a sub-optimal set of parameters. This field, known as neuroevolution [11,41], has received much attention lately in the ML community. Neuroevolution enables important capabilities such as learning neural network building blocks, e.g., the activation function, hyperparameters, architectures and even the algorithms for learning themselves. Neuroevolution also differs from DL (and deep reinforcement learning) since in neuroevolution a population of solutions is maintained during the search. This provides extreme exploration capabilities and the possibility of massive parallelization. There also exist alternative strategies in order to find an optimal set of parameter, going from grid search to more complex approaches, such as methods based on Bayesian optimization, see, for instance [42,43]. Neuroevolution has been successfully applied to different fields, especially in image classification, where Convolutional Neural Networks (CNN) are evolved, see, for instance [44,45,46,47]. To be best of our knowledge, Neuroevolution has not been applied to time-series forecasting.




3. Data and Methodology


3.1. Data


In order to assess the quality of our proposal, we used a dataset containing information regarding the global electricity consumption registered in Spain (in MW), available at [48].



In particular, the data were recorder over a period going from 1 January 2007 at midnight until 21 June 2016 at 11:40 pm, which amounts to nine years and six months. Specifically, the data is relative to the consumption measured at 10 minutes intervals, meaning that the dataset consists of a total of 497,832 measurements. No missing values or outliers were found, since data are provided by the Spanish Nominated Electricity Market Operator (NEMO) and all data are already preprocessed and cleaned.



Time-series regarding the electric energy demand are typically non-stationary. This fact renders the problem of forecasting the electric energy demand challenging, since such time-series present statistical properties, such as the mean, variance and autocorrelation, that are not all constant over time. It follows that they can present changes in variance, trends or seasonal effects. For this reason, we performed a preliminary study of the dataset in order to assess whether or not the time-series used in this paper is stationary. To this aim, we analyzed the AutoCorrelation Function (ACF) and the Partial AutoCorrelation Function (PACF) of the time-series, which are reported in Figure 1.



From Figure 1a, we can notice that the time-series has a high correlation with a number significant of lags, while from Figure 1b we can see that there are four spikes in the first lags, from which we can determine the order of autoregression of the time-series. From these observations, we can conclude that the time-series is not stationary, and that the order of autoregression to be used should be 4.



A preprocessing of the dataset had to be applied before it could be used. In particular, we used the preprocessing strategy proposed in [36], which is graphically depicted in Figure 2. In a first step, we extract the attribute corresponding to the energy consumption, obtaining in this way a consumption vector   V c  .



From   V c   matrix   M c   is built. The size of   M c   depends on the values of the historical window (w) and of the prediction horizon (h) used. Notice that w determines the number of previous entries that will be used in order to induce a forecasting model that will be used to estimate the subsequent h values.



In this work, as in [36], h was set to 4 hours, which corresponds to a value of 24 reads. Various values of w were tested.



In particular, w was set to values 24, 48, 72, 96, 120, 144 and 168. Such values correspond to 4, 8, 12, 16, 20, 24 and 28 hours, respectively.



One the matrix   M c   has been obtained, we divided the resulting dataset into a   70 %   used as a training set, while the remaining   30 %   was used as a testing set. This means that the prediction model was obtained using only the training set. The forecasting performances of the so induced model are assessed on the test set, which basically represents unseen data. Within the training set, a   30 %   is used as a validation set for determining the deep learning hyperparameters.



These preprocessing steps yield the generation of seven different matrices, whose information is reported in Table 1. Note that for all the obtained datasets, the last 24 columns represent the prediction horizon.




3.2. Methodology


This section describes the proposed methodology for forecasting time-series using a deep learning approach. There are various deep learning architectures which can be used for time-series forecast, such as convolutional neural nets (CNN), recurrent neural nets (RNN) or feed-forward neural nets (FFNN).



In this paper, a deep feed-forward network has been used, implemented by R package H2O [49]. H2O is an open-source framework that implements various machine learning techniques in a parallel and distributed way using a single machine or a cluster of machines, being scalable for big data projects.



Among the algorithms included in H2O, we can find a feed-forward neural network, that is the most common network architectures. The main characteristic of this net is that each neuron is a basic element of processing and their information is propagated through adjacent neurons.



In addition, in order to select the configuration of the network hyperparameters, we used a GA, which was implemented by using the GA R package [50].



3.2.1. Parameters of the Neural Network


The network architecture implemented in the H2O package needs to be configured by setting different parameters, that will affect the behavior of the neural network and influence the final results. The most important parameters are: number of layers, neurons per hidden layer, L1 ( λ ),  ρ ,  ϵ , activation and distribution functions and end metric. These are the parameters that the GA will optimize.



The parameter  λ  controls the regularization of the model by inserting penalties in the model creation process in order to adjust the predictions as much as possible with actual values and the penalization is defined by the following equation:


  λ  ∑  i = 0  n    w i   .  



(1)







In Equation (1), n is the number of weights received by the neurons and   w i   represents the weight for the neuron i.



The parameter  ρ  allows us to manage the update of different weights of synapses and is used to maintain some consistency between the different updates of previous weights.



The parameter  ϵ  prevents the deep learning algorithm from being stuck in local optimums or to skip a global optimum, and can assume values between 0 and 1.



The activation function can assume three values: tanh (hyperbolic tangent), ramp function, maxout.



Seven different possibilities are considered for the distribution function: Gaussian, Poisson, Laplace, Tweedie, Huber, Gamma and Quantile.



The end metric defines the specific measure that is used to stop early the training phase of the deep learning algorithm. There are seven different possibilities: mean squared error (MSE), Deviance (the difference between an expected value and an observed value), root mean squared error (RMSE), mean absolute error (MAE), root mean squared log error (RMSLE), the mean per class error and lift top group. The last metric is a measure of the relative performance.



The possible values for each parameter are shown in Table 2.



As we described before, the activation function, distribution function and end metric are categorical parameters, so each value corresponds to a specific category of the parameter.




3.2.2. Genetic Algorithm Parameters


As previously stated, in order to find a sub-optimal set of hyper-parameters, described in the previous section, for the deep learning algorithm, we use a GA. In particular we use the implementation provided by the GA R package [50]. So our proposal lies within the field of neuroevolution.



The GA package contains a collection of general-purpose functions for optimization using genetic algorithms. The package includes a flexible set of tools for implementing genetic algorithms in both the continuous and discrete case, whether constrained or not. However the package does not allow to simultaneously optimize continuous and discrete parameters, so we had to treat all the parameters as continuous, which caused the dimension of the search space to increase drastically.



The package allows us to define objective functions to be optimized, which, in our case, is the forecasting results obtained by a deep neural network built with a specific set of parameters. In fact, each individual of the population encodes the values of the eight parameters shown in Table 2.



Each parameter setting yields a specific deep neural network, which is then applied to the data and the forecasting result represent the fitness of the individual.



In particular, the fitness of an individual is equal to the   M R E   obtained by the deep neural network on the validation set, being the   M R E   defined as:


  M R E =  1 n   ∑  i = 1  n     |   Y i  −   Y ^  i   |    Y i   ,  



(2)




where    Y ^  i   is the predicted value,   Y i   the real value and    Y ¯  i   is the mean of the observed data, and n is the number of data.



Several genetic operators are available and can be combined to explore the best settings for the current task. After having performed a set of preliminary experiments aimed at setting the GA’s parameters, we used, in our implementation, a tournament selection mechanism (with tournament size of 3), the BLX-a crossover (with   a = 0.5  ), which combines two parents to generate offspring by sampling a new value in a defined range with the maximum and the minimum of the parents [51]. We used the random mutation around the solution, which allows us to change one value of an element by another value.



The setting of the parameters used in the GA are reported in Table 3. The value shown are those that obtained the best performances in the preliminary runs, but the population size. In fact, better results were achieved with higher population size. However, the computational cost increases dramatically the higher the population size is. In fact, the deep learning algorithm takes around   89.42   s for a number of layers between 2 and 100 and for a number of neurons between 10 and 1000.



The execution of the GA with the deep learning algorithm as a fitness function and with the parameters defined in Table 3 takes around five days. If the population size is doubled, the execution can take more than one week. It is necessary to enhance one of the parameters (population size or number of generations) but not both. Moreover, if the fitness of the best individual does not improve after 50 generations, the GA is stopped.



At the end of the execution, the best individual is returned and used in order to build a deep learning network.




3.2.3. Description of the Methodology


The main objective of this work is to predict the next h future values, called the prediction horizon, of a time-series   [  x 1  ,  x 2  , ⋯ ,  x t  ]  .



The predictions are based on w previous values, or, in other words, on a historical data window. This process is called multi-step forecasting, as various consecutive values have to be predicted. The aim of multi-step forecasting is to induce a prediction model f, and in our case f is obtained by using a deep learning strategy, following the equation:


   [  x  t + 1   ,  x  t + 2   , ⋯ ,  x  t + h   ]  = f  (  x t  ,  x  t − 1   , ⋯ ,  x  t − ( w − 1 )   )  .  



(3)







Unfortunately, frameworks that provide deep learning networks model, such as H20, does not support this multi-step formulation.



In order to solve this issue, a different methodology has been proposed [9]. The basic idea is to divide the main problem into h prediction sub-problems. Then a forecasting model will be induced for each of the sub-problems, as shown in Equation (4).


     x  t + 1     =     f 1   (  x t  ,  x  t − 1   , ⋯ ,  x  t − ( w − 1 )   )        x  t + 2     =     f 2   (  x t  ,  x  t − 1   , ⋯ ,  x  t − ( w − 1 )   )       ⋯   =   ⋯      x  t + ( h − 1 )     =     f  ( h − 1 )    (  x t  ,  x  t − 1   , ⋯ ,  x  t − ( w − 1 )   )        x  t + h     =     f h   (  x t  ,  x  t − 1   , ⋯ ,  x  t − ( w − 1 )   )      



(4)







Notice that in this way, we lose the time relationship between consecutive records of the time-series. For instance, instants   t + 1  ,   t + 2  ,   t + 3   or   t + 4   will not be considered when forecasting   t + 5  .



On the other hand, considering such values for the predictions could increment the forecasting error. This is because values for   t + 1  ,   t + 2  ,   t + 3   or   t + 4   are based on predictions, and they would have a negative effect on the forecasts if the values were not precisely estimated.



It follows that a search for optimal parameters should be carried out for each sub-problem, where the evaluation of each individual corresponds to the error made by the neural network in the training phase. This means that the computational time needed to train the complete model is high. However, the capability of H2O to perform distributed computation decreases the total computational time required.






4. Experimental Results


In this section, we present the forecast results obtained on the dataset described in Section 3.1 by the strategy we propose. We also present a comparison with different methods, both standard and ML based.



In order to assess the predictions produced by our proposal, we used the   M R E   measure, as defined in Equation (2).   M R E   represents the ratio of the forecasting absolute error to the observed value.



Before presenting the comparison with other methods, we inspect the results obtained by the proposed strategy for each historical window value used (w) and each subproblem (h). Figure 3 shows a graphical representation of the results obtained, showing the associated MRE for different values of w, when varying the length of h. We can see that the best results were achieved when the forecasting is based on more historical data, i.e., for higher values of w. In fact, the best results were obtained for   w = 168  . Analogously, the MRE increases as h becomes longer. The proposed strategy obtains similar results for   w = { 168 , 144 , 120 }   on all the considered values of the prediction horizon h.



It can be noticed that there is a significant increment in the error when the historical window size is lower. In particular, when w is set to 24 or 48, the predictions degenerates evidently. We can also notice that performances of the proposed strategy deteriorates, i.e., the achieved MRE is higher, as the values of h increase. This means that it is more difficult to predict further in the future.



Table 4 shows the parameters selected by the GA for each h when a historical window of 168 was used. We can notice that the number of layers range between 27 and 98, and the number of neurons per layer between 478 and 942. It does not seem that this parameter is connected with the value of h.



Parameters  λ ,  ρ  and  ϵ  assume almost the same values on all the cases, while the   M a x o u t   is the activation function mostly chosen. The GA selected two possibilities as distribution functions, namely the   G a u s s i a n   and the   H u b e r   function. The end metric selected, on the other hand, presents more variations. This could suggest that we could perhaps fix some of the parameters, e.g.,  ϵ , in order to reduce the search space.



As previously stated, in order to globally assess the performance of our proposal, we compared the results achieved by our methodology (NDL) with the results obtained by other strategies commonly used for time-series forecast. In particular, we considered Random Forest (RF), Artificial Neural Networks (NN), Evolutionary Decision Trees (EV), the Auto-Regressive Integrated Moving Average (ARIMA), an algorithm based on Gradient Boosting (GBM), three Deep Learning models (FFNN, Feed-Forward Neural Network; CNN, Convolutional Neural Network; LSTM, Long Short-Term Memory), decision tree algorithm (DT) and an ensemble strategy that was proposed in [14], which combined regression trees-based, artificial neural networks and random forests (ENSEMBLE).



For ARIMA, we used the tool in Ref. [52] for determining the order of auto-regressive (AR) terms (p), the degree of differencing (d) and the order of moving-average (MA) terms (q). The values obtained are   p = 4  ,   d = 1   and   q = 3  . The value for the auto-regressive parameter and the degree of differencing confirm that the time-series is not stationary, as indicated in Section 3.1.



The deep learning models were designed using   H 2 O   framework of R [49]. The difference between NDL and DL, is that in the latter case, the network is trained with stochastic gradient descend using back-propagation algorithm. In order to set the parameters for DL, we used a grid search approach. As a consequence, we used a hyperbolic tangent function as activation function, the number of hidden layer was set to 3 and the number of neurons to 30. The distribution function was set to Poisson and in order to avoid overfitting, the regularization parameter (Lambda) has been set to   0.001  . The other two parameters ( ρ  and  ϵ ) were set as default as in [36].



The DT algorithm is based on a greedy algorithm [53] that performs a recursive binary partitioning of the feature space in order to build a decision tree. This algorithm uses the information gain in order to build the decision trees, and we used the default parameter as in the package rpart of R [54].



For the GBM, we used the GBM package of R [55] with Gaussian distribution, 3000 gradient boosting interactions, learning rate of   0.9   and 40 as maximum depth of variable interactions.



For RF, we used the implementation from provided by the randomForest package of R [56], using 100 as the number of trees to be built by algorithm and 100 as the maximum number of terminal nodes trees in the forest can have.



For ANN we used the nnet package of R [57], with maximum 10 number of hidden units, 10,000 maximum number of weights allowed and 1000 maximum number of iterations.



EV is an evolutionary algorithm for producing regression trees, and we used the R evtree package (from now on EVTree) [58], with parameters as in [14].



The ensemble method [14] uses a two layer strategy, where in the first layer random forests, neural networks and an evolutionary algorithm are used. The results produced by these three algorithms are then used by an algorithm based on Gradient Boosting in order to produce the final prediction.



All the parameters of the ML based techniques were established after several preliminary runs.



Table 5 shows the results obtained by the various methods for each value of w. We can notice that all the methods obtained better results with a historical window of 168 reads. NDL obtained the lowest MRE in all the cases, while the ensemble strategy obtains the second best results. Moreover, we can see that NDL outperforms all other methods even when only a historical window of 96 is used, confirming the extremely good performances of such strategy.



It is interesting also to notice that NDL obtains better results than DL for all the values of the historical window used, which confirms that using an evolutionary approach for optimizing the parameters of the deep learning network can be considered as a superior strategy with respect to grid optimization.




5. Conclusions and Future Works


In this paper, we proposed a strategy based on neuroevolution in order to predict the short-term electric energy demand. In particular, we used a genetic algorithm in order to obtain the architecture of a deep feed-forward neural network provided by the H2O big data analysis framework. The resulting networks have been applied to a dataset registering the electric energy consumption in Spain over almost 10 years.



The results were compared with other standard and machine learning strategies for time-series forecasting. For the experimentation performed we can conclude that the methodology we proposed in this paper is efficient for short-term electric energy forecasting, and on the particular dataset used in this paper the proposed strategy obtained the best performances. It is interesting to notice that our proposal outperforms the other ten strategies in all the cases, and that even when a historical window of 96 reads was used, our proposal achieved more precise predictions than any other methods with any other historical window size.



As for future work, we intend to apply the framework proposed in this paper to other datasets, and also to other kinds of time-series, in order to check the validity of our proposal also in other fields. Moreover, we intend to overcome a present limitation of the current proposal. In fact, the R GA package we have used does not allow to optimize parameter of different types, e.g., real and integer parameters. In order to overcome this, in this proposal we had to treat all the parameters as real. However, this causes the search space dimension to increase drastically. In the future we intend to solve this problem as well, and by reducing the size of the search space, we are confident that better configurations of the deep learning can be found. The use of on-line learning will also be explored in future works in order to speed up the prediction process and reduce the volume of stored data.
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Figure 1. Correlation plots for the original time-series. (a) AutoCorrelation Function (ACF); (b) Partial AutoCorrelation Function (PACF). 
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Figure 2. Dataset pre-processing. w determines the amount of historical data used, while h represents the prediction horizon. 
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Figure 3. Results obtained for each value of h and w. 
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Table 1. Dataset information depending on the value of w.
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	w
	#Rows
	#Columns
	File Size (In MB)





	24
	20,742
	48
	6



	48
	20,741
	72
	9



	72
	20,740
	96
	11.9



	96
	20,739
	120
	14.9



	120
	20,738
	144
	17.9



	144
	20,737
	168
	20.9



	168
	20,736
	192
	23.9
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Table 2. Search space of the neural network parameters.
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	Parameter
	Values





	Layers
	From 2 to 100



	Neurons
	From 10 to 1000



	Lambda ( λ )
	From 0 to 1 × 10    − 10   



	Rho ( ρ )
	From 0.99 to 1



	Epsilon ( ϵ )
	From 0 to 1 × 10    − 12   



	Activation function
	From 0 to 3



	Distribution function
	From 0 to 7



	End metric
	From 0 to 7
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Table 3. Genetic algorithm (GA) parameter setting.
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	Operator
	Value





	Population size
	50



	Generations
	100



	Limit of generations
	50



	Crossover probability
	0.8



	Mutation probability
	0.1



	Elitisms probability
	0.05
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Table 4. Parameters found by the GA for   w = 168  .
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	h
	Layers
	Neurons
	   λ   
	   ρ   
	   ϵ   
	Activation
	Distribution
	End Metric





	1
	52
	942
	4.09× 10    − 10   
	1.00
	6.43 × 10    − 12   
	Tanh
	Gaussian
	Deviance



	2
	68
	921
	0
	1.00
	0
	Maxout
	Huber
	MSE



	3
	75
	880
	0
	1.00
	0
	Maxout
	Huber
	Deviance



	4
	68
	921
	0
	1.00
	0
	Maxout
	Huber
	MSE



	5
	88
	504
	0
	1.00
	0
	Maxout
	Huber
	Deviance



	6
	80
	789
	0
	1.00
	0
	Maxout
	Huber
	MSE



	7
	74
	892
	0
	1.00
	0
	Maxout
	Huber
	RMSLE



	8
	46
	300
	0
	1.00
	0
	Maxout
	Huber
	MAE



	9
	75
	889
	5.57 × 10    − 10   
	0.99
	6.74 × 10    − 10   
	Tanh
	Gaussian
	Mean per class error



	10
	25
	852
	0
	1.00
	0
	Maxout
	Huber
	RMSLE



	11
	58
	843
	3.69 × 10    − 10   
	1.00
	2.45 × 10    − 10   
	Tanh
	Gaussian
	RMSE



	12
	41
	491
	0
	1.00
	0
	Maxout
	Huber
	RMSLE



	13
	17
	552
	0
	0.99
	0
	Maxout
	Huber
	MSE



	14
	26
	661
	0
	0.99
	0
	Maxout
	Huber
	MAE



	15
	89
	811
	5.61 × 10    − 10   
	0.99
	4.23 × 10    − 10   
	Tanh
	Gaussian
	RMSE



	16
	98
	697
	0
	1.00
	0
	Maxout
	Huber
	MAE



	17
	74
	478
	1.46 × 10    − 10   
	1.00
	3.58 × 10    − 10   
	Tanh
	Gaussian
	Deviance



	18
	62
	705
	2.74 × 10    − 10   
	0.99
	6.64 × 10    − 10   
	Tanh
	Gaussian
	MAE



	19
	65
	879
	0
	0.99
	0
	Maxout
	Huber
	MAE



	20
	81
	780
	7.62 × 10    − 10   
	0.99
	5.21 × 10    − 10   
	Tanh
	Gaussian
	MSE



	21
	27
	931
	0
	1.00
	0
	Maxout
	Huber
	MAE



	22
	95
	745
	0
	1.00
	0
	Maxout
	Huber
	Deviance



	23
	41
	923
	0
	1.00
	0
	Maxout
	Huber
	MSE



	24
	80
	754
	0
	1.00
	0
	Maxout
	Huber
	MAE
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Table 5. Average results obtained by different methods for different historical window values. Standard deviation between brackets.
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w




	

	
24

	
48

	
72

	
96

	
120

	
144

	
168






	
NDL

	
3.01 (0.90)

	
2.38 (0.69)

	
2.08 (0.57)

	
1.85 (0.55)

	
1.60 (0.46)

	
1.51 (0.46)

	
1.44 (0.42)




	
CNN

	
4.08 (0.04)

	
3.16 (0.03)

	
2.69 (0.02)

	
2.51 (0.02)

	
2.30 (0.02)

	
1.71 (0.02)

	
1.79 (0.02)




	
LSTM

	
2.43 (0.03)

	
2.05 (0.02)

	
1.82 (0.02)

	
2.08 (0.02)

	
1.74 (0.02)

	
1.78 (0.02)

	
1.97 (0.02)




	
FFNN

	
4.51 (0.52)

	
3.46 (0.33)

	
3.39 (0.30)

	
3.12 (0.42)

	
2.98 (0.28)

	
2.32 (0.29)

	
2.46 (0.29)




	
ARIMA

	
8.82 (5.31)

	
8.26 (4.73)

	
11.37 (10.43)

	
14.03 (13.00)

	
6.79 (2.53)

	
7.63 (2.54)

	
6.92 (2.97)




	
DT

	
9.52 (1.55)

	
9.45 (1.48)

	
9.33 (1.39)

	
9.40 (1.45)

	
9.08 (1.12)

	
8.86 (1.01)

	
8.79 (0.96)




	
GBM

	
8.07 (3.82)

	
6.59 (2.71)

	
5.73 (2.23)

	
5.33 (2.08)

	
5.02 (1.81)

	
4.49 (1.54)

	
4.45 (1.56)




	
RF

	
4.39 (2.13)

	
3.69 (1.71)

	
2.93 (1.16)

	
2.78 (1.04)

	
2.45 (0.79)

	
2.22 (0.71)

	
2.15 (0.69)




	
EV

	
4.49 (1.91)

	
3.98 (1.52)

	
3.48 (1.18)

	
3.42 (1.15)

	
3.19 (0.95)

	
3.15 (0.90)

	
3.09 (0.84)




	
NN

	
4.39 (2.23)

	
4.27 (2.16)

	
4.13 (2.05)

	
3.55 (1.56)

	
3.15 (1.41)

	
2.16 (0.78)

	
2.08 (0.74)




	
ENSEMBLE

	
3.58 (1.65)

	
2.95 (1.19)

	
2.64 (0.99)

	
2.57 (0.97)

	
2.38 (0.81)

	
1.94 (0.69)

	
1.88 (0.67)
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