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Abstract

:

Accurate short-term electric load forecasting is significant for the smart grid. It can reduce electric power consumption and ensure the balance between power supply and demand. In this paper, the Stacked Denoising Auto-Encoder (SDAE) is adopted for short-term load forecasting using four factors: historical loads, somatosensory temperature, relative humidity, and daily average loads. The daily average loads act as the baseline in final forecasting tasks. Firstly, the Denoising Auto-Encoder (DAE) is pre-trained. In the symmetric DAE, there are three layers: the input layer, the hidden layer, and the output layer where the hidden layer is the symmetric axis. The input layer and the hidden layer construct the encoding part while the hidden layer and the output layer construct the decoding part. After that, all DAEs are stacked together for fine-tuning. In addition, in the encoding part of each DAE, the weight values and hidden layer values are combined with the original input layer values to establish an SDAE network for load forecasting. Compared with the traditional Back Propagation (BP) neural network and Auto-Encoder, the prediction error decreases from 3.66% and 6.16% to 2.88%. Therefore, the SDAE-based model performs well compared with traditional methods as a new method for short-term electric load forecasting in Chinese cities.
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1. Introduction


The stability of the electric power system is guaranteed by the balance between electric load and supply. Since electric load values are influenced by many uncertain factors including weather conditions and users’ electric consumption behaviors, electric load forecasting based on these factors is significant [1]. With the help of an accurate electric load forecasting, electric power operators can adjust the electric supply according to real-time forecast load values and maintain the normal operation of electric power systems. Recently, the development of a smart grid makes load forecasting increasingly important [2]. In a smart grid, power distribution department relies on load forecasting to implement electric price fluctuations and demand response strategies [3]. Generally, load forecasting can be classified into four categories: long-term forecasting, medium-term forecasting, short-term forecasting and ultra-short-forecasting. Among them, short-term forecasting is the most widely used in electric power systems. In this paper, short-term load forecasting is discussed.



Short-term load forecasting has drawn attention from a wide range of researchers in various fields and many forecasting methods have been proposed. In general, these forecasting methods consist of two categories: data-driven methods and machine learning methods. The traditional data-driven methods based on time series analysis include the multiple linear regression model [4], the autoregressive integrated moving average model (ARIMA) [5], and the exponentially weighted method [6], etc. However, data-driven methods perform poorly when identifying nonlinearity of electric loads because they’re based on the assumption that electric loads change linearly. With the development of artificial intelligence techniques, machine learning methods with strong nonlinear fitting capability were designed to better reflect the nonlinear features of electric loads.



Machine learning methods, including artificial neural network (ANN), random forest (RF) and support vector regression (SVR) have been widely used to predict the change of electric loads. Huang et al. proposed a new RF-based feature selection method in which an original RF model was trained using an original feature set consisting of 243 related features and then an improved RF model was trained using features selected by a sequential backward search method [7]. The authors in [8] constructed a hybrid prediction model by combining a RF model and a multilayer perceptron (MLP) model to predict the daily electric loads. In [9], the SVR was used to build a strategic, seasonality-adjusted model for electric load forecasting, which can effectively reduce the operator interaction. Nevertheless, although traditional machine learning forecasting methods perform better than data-driven forecasting methods, they entail manual feature extraction and selection which are complicated and time-consuming. On top of that, they cannot deal with large amounts of data. Therefore, deep machine learning was proposed to overcome these problems.



Unlike traditional machine learning, deep machine learning extracts features directly from data. Its forecasting performance is proportional to the scale of data. The deep neural network (DNN) is an enhanced version of the traditional shallow ANN. DNNs increase the depth of ANNs by adding multiple hidden layers between the input layer and the output layer. More layers enable DNNs to fit complex functions with fewer parameters and improve the accuracy of predicting electric load. Merkel et al. compared the effectiveness of various forecasting methods, including a linear regression (LR) model, a shallow ANN and two DNNs with different sizes, and proved that, in general, the DNN outperforms other methods [10]. In addition, it can be concluded that the a large DNN marginally outperforms a small DNN. Hossen et al. applied the DNN on the TensorFlow deep learning platform to predict short-term load and achieved preliminary success [11]. Different Activation functions adjusting weights were used including sigmoid function, rectified linear unit and exponential linear unit. An exponential linear unit was proved to be the most effective one. However, DNNs cannot model changes in time series and the chronological order of sample data is significant in load forecasting. The recurrent neural network (RNN), which is a variation of the traditional DNN, was invented to make up for this defect.



An RNN uses sequential information where the output depends on both the current inputs and the previous inputs. Therefore, it can exhibit temporal dynamic behaviors [12]. RNNs have been employed and proved successful in various fields including speech recognition [13,14], robot control [15], language learning [16] and so on. In addition, RNNs perform well when predicting electric load changes. In [17], the RNN was applied to obtain the load correction. Then, the correction was added to the selected similar day’s data to generate the forecast load information. The authors in [18] implemented a pooling deep RNN which batched a group of customers’ load profiles into a pool of inputs and tackled the over-fitting problem by increasing data diversity and volume. However, the RNN has a fatal flaw: when the number of layers increases, the problems of vanishing and exploding gradient occur. Therefore, the RNN can only go back to a few time steps. Long Short-Term Memory (LSTM), which is a variation of RNN, was designed to overcome the vanishing gradient problem [19].



An LSTM unit contains a memory cell, an input gate, an output gate and a forget gate. When a piece of information enters the LSTM, the cell decides whether the information should be remembered or forgotten according to algorithmic rules. LSTM units keep gradients unchanged to avoid the problem of vanishing gradients. Wei et al. offered solid reasons for choosing LSTM and applied LSTM to predict residential electric load [20]. In [21], Tian et al. designed a novel model combining LSTM and convolutional neural networks (CNN). In this model, the LSTM was used to learn the useful information for a long time and capture the long-term dependency. Then, the hidden features of LSTM together with those of CNN were integrated in the feature-fusion module to make the final prediction. Similarly, Kim et al. proposed a hybrid forecasting model using the LSTM and the CNN [22]. What made this model different from Tian’s is that Kim used multi-LSTM layers to extract features from input sequence, and then fed feature sets to a CNN layer to form an n-day profile. The authors in [23] utilized the LSTM to establish a model considering a probabilistic load forecasting scenario in terms of quantiles. Salah Bouktif et al. improved LSTM by using multiple sequences of relevant inputs time lags to incorporate periodicity characteristics of the electric load [24]. It turned out that the multi-sequence LSTM performs better than single-sequence LSTM.



The gated recurrent units (GRUs), invented by Cho et al. [25], is a variation of the LSTM. A GRU simplifies the structure of a LSTM by combining the forgot gate and the input gate into a single update gate. Due to a simpler structure, a GRU can reduce training time when training large amounts of data. Ugurlu et al. built a three-layer GRU model and proved that this model outperformed all other neural networks and state-of-the-art statistical techniques [25]. In [26], the GRU was used to train selected group and the average of the GRU’s outputs served as forecasting results.



The auto-encoder (AE) is a type of artificial neural network, which can learn efficient data coding using an unsupervised manner. An auto-encoder can find common features from unlabeled data and classify data after training. However, the AE doesn’t perform well when data samples are very different. Therefore, the denoising auto-encoder was invented to enable the neural network to learn features from noisy data by adding noise to input data [27]. The stacked denoising autoencoder (SDAE) is an enhanced version of the DAE, which stacks a multiple denoising auto-encoder together. Compared with shallow neural networks, deep neural networks with multiple nonlinear hidden layers such as SDAEs can learn more complex relationships between input layers and output layers. High-level layers can learn features from lower layers and obtain higher-order and more abstract expressions of inputs [28]. Recently, the SDAE has been used in various fields such as image denoising [29], human activity recognition [30], and feature representation [31].



This paper proposes a novel short-term load forecasting model using an SDAE model. In previous works, random initialization was used to initialize parameters, which causes the following problems: (1) Random initialization makes some weights very small which will easily cause the gradient vanishing; (2) Random initialization increases the error range of initial weights and final weights, which leads to local optimal solutions. In this paper, layer-by-layer pre-training is used to replace random initialization and avoid these problems. Additionally, the model in this paper uses unsupervised learning manner, which reduces human involvement. Data from the Chinese city Fuyang are used to prove the superiority of the model.



The rest of this paper is structured as follows: in Section 2, the background of electric load forecasting is discussed; in Section 3, the SDAE deep neural network is introduced; in Section 4, an SDAE-based model is proposed and its forecasting results are shown; in Section 5, conclusions and future work are presented.




2. Electric Load Forecasting System


Original data are simply classified to obtain a set of analyzed data. Then, these data are analyzed by different methods based on their types. Two types of models are usually used to analyze single-dimensional electric load data and transdimensional electric load data respectively. In a traditional field of electric load forecasting, data are collected and then processed usually by the following methods:



2.1. Single Parameter Electric Load Forecasting Model


A single parameter electric load model mainly focuses on estimating future electric load values based on previous single-dimensional electric load data (such as unary linear regression model, time series prediction model, etc.).




2.2. Transdimensional Electric Load Forecasting Model


In the trans-dimensional load forecasting model, the external data, such as holidays, temperature and humidity, etc., are used for electrical load forecasting analysis. The external data are grouped and aggregated at the beginning of the data pre-processing. For a single dimension, the data of other dimensions can be analyzed to obtain the corresponding results (usually correlation analysis), and then be put into the calculation of the current dimension. The algorithmic idea of this paper is to analyze a single parameter (electric load) using cross-dimensional parameters such as somatosensory temperature, relative humidity, and daily average power load.





3. SDAE Neural Netwok


3.1. Auto-Encoder


As shown in Figure 1, an auto-encoder is a neural network that uses a backpropagation algorithm to make the output values as equal as possible to the input values. An AE consists of three layers: the input layer x, the hidden layer y, and the output layer z. It compresses the input data x into the hidden layer y to form a higher representation. After the compression, the number of neurons of the hidden layer should be smaller than that of the input layer and the output layer. In this way, the higher representation can be more valuable and the network can learn the hidden features of the input data. Then, the AE reconstructs the input layer data x to obtain output layer data z using the higher representation. The whole learning process is unsupervised [31]. An AE can be divided into two parts: an encoder represented by the function y=f(x) and a decoder that generates the reconstruction z=g(y). The encoder contains an input layer and a hidden layer, where the original data (set to x) is weighted and mapped to obtain a deterministic map y:


y=s(WTx+b),



(1)




where s is an activation function(sigmoid), x is an input n×i matrix, W is an m×n encoder’s weight matrix and b is an m-dimensional offset vector. The function of the encoder is to compress higher-level data into lower-level data. The decoder consists of a hidden layer and an output layer. Y is inversely mapped to obtain z:


z=W′y+b′,



(2)




where is an activation function(linear), W′ is the reconstruction decoder′s weights matrix and b′ is the reconstruction m-dimensional offset vector. The function of the decoder is to reconstruct low-level data. Finally, in order to make the input values and the output values as equal as possible, the two sets (W, b) and (W′, b′) are iterated aiming at minimizing the reconstruction error L(x, z). The reconstruction error of AE is defined as:


L(x,z)=12(x−z)2.



(3)







It should be noted that, if the input data are completely random (for example, each input value is an independent and identically distributed Gaussian random variable that has no connections with other features.), it is very difficult to obtain the relationship between these data. Otherwise, the self-encoding algorithm can discover the relationships between such data and extract the hidden features from them.




3.2. Denoising Auto-Encoder(DAE) and Stacked Denoising Auto-Encoder (SDAE)


When an AE contains a large number of hidden layer neurons, although the calculation accuracy can be improved, the training time will be longer, the convergence speed will be slow, the over-fitting problem will occur, and the model may only learn the repeated representation of the original data. In order to overcome these problems, Vincent [27] proposed the SDAE model, which is a stack of single-layer DAE. Based on the AE, a Denoising Auto-Encoder (DAE) corrupts the input data to prevent the over-fitting problem. Compared with the AE, a DAE aims to reconstruct the corrupted input data. Figure 2 shows the structure of the DAE. The corruption progress is to corrupt the input data x (x obeys the normal distribution) in specific proportions. After that, the corrupted data are compressed and reconstructed to make the input data approximate to the output data. If the DAE can restore original data using partially missing data, it can be safely concluded that the hidden layer has captured the potential features of the input layer and original data distribution. The stochastic gradient descent algorithm is used to update weights to minimize the error. The features extracted by a DAE are robust and the generalization ability of the model has been improved. The process of corruption is only used during training of a single DAE, and will not be used after the training is completed.



However, in many training tasks, shallow network (such as DAE) capabilities are limited and often do not perform well compared with DNNs. An SDAE is a deep network stacked by multiple DAEs, which can be considered as a type of multilayer perceptron (MLP). In the beginning, original input data are used to generate higher representation. Next, the hidden layer of the first trained DAE is taken out as the input of the next DAE to extract higher representations.



As shown in Figure 3, when the first DAE is trained, the input of the next DAE is y, which is corrupted, compressed and reconstructed to obtain y2. In the same way, SDAE is formed by stacking multiple DAEs as shown in Figure 4.




3.3. SDAE Model


An SDAE with an unsupervised pre-training process is firstly used to establish the electric load forecasting model. In this paper, the training process of the entire network is divided into two phases: unsupervised pre-training and supervised fine-tuning. In the unsupervised pre-training process, the unsupervised pre-training is effective to prevent the over-fitting problem in developing a DNN model [32]. Each DAE is trained iteratively layer by layer. Then, the weights of encoder part w and hidden layer values y are combined with original input values x to form a four-layer SDAE network, including an input layer, two hidden layers, and an output layer. It should be noted that the hidden layer neurons of the third trained DAE directly serve as the output values of the entire network. It is different from other studies using SDAE for forecasting tasks [33,34,35,36,37,38] where a new input layer is added to models to extract features of input data. At the top level, a prediction layer is put into the model to complete the prediction task. In the fine-tuning process, the complete network is further trained to minimize the error based on the actual and forecast load values.



During the training process:




	
Raw data are standardized in data preprocessing.



	
Greedy layer-wise pre-training is used on the parameters of the entire network to pre-train the network [31]. By using the SDAE, the initial weight values and initial offset values of the whole neural network are obtained, and the weight error range of the fine-tuning process is reduced [32], effectively avoiding over-fitting and gradient vanishing in our research.



	
The early-stop method is also used to prevent overfitting. This strategy is widely used in traditional machine learning. It is currently the simplest and most effective way, and it is better than the regularization method in many cases.



	
The performance of the network is highly dependent on the number of layers in the hidden layer and the number of neurons in each layer. Therefore, we use the fit_generator function in the code that forms the network.



	
Parameters W and b are updated by using the gradient descent method.



	
In each layer, hidden units = 400, dropout = 10%, epoch = 20, encoder activation function = sigmoid, decoder activation function = linear, loss function = MSE, batch = 20.









3.4. Experiment Process


Based on the traditional single-parameter electric load model analysis method, the result of analyzing, modeling and predicting a single parameter has the relevance consistency, which leads to two problems. The first is that the data with weak correlations have a high proportion in the prediction process. The second is that the data with strong correlations have a low proportion in the prediction process. Therefore, multi-dimensional data need to be used for combined correlation analysis. The process of single-parameter load model analysis in multi-dimensions based on the SDAE is as follows:




	
Step 1: Collect the electric load data to construct a training datasets matrix, where the data dimensions include historical electric load data, somatosensory temperature data, and relative humidity data.



	
Step 2: Respectively calculate the daily average, weekly average and monthly average of historical electric load data and form three single-sequence datasets.



	
Step 3: Input the three datasets into their respective SDAE network models, and set each correlation coefficient to obtain the daily average data weight matrix Wd and the corresponding paranoid item Bd, the weekly average data weight matrix Ww and the corresponding paranoid item Bw, the monthly average data weight matrix Wm, and the corresponding paranoid item Bm.



	
Step 4: Respectively execute the forward algorithm and the backpropagation algorithm to optimize the parameters of the electric load model. Then, find the average load values with the smallest forecasting error as the fourth factor of the whole dataset to form a new training dataset which is input into the SDAE network model.



	
Step 5: Minimize the cost of each neuron by multiple debugging to obtain a well-trained SDAE network model.



	
Step 6: Import the previously prepared test data, input the original data into the well-trained SDAE model, and obtain the test result by iteration.



	
Step 7: Compare the predicted values with the actual values and calculate the average error.








A schematic diagram of the model is shown in Figure 5:





4. Case Study


4.1. Data Descriptions


In the experiment, the proposed model is trained using electric load data of a city in southern China. Electric load data are sampled every 15 min and the time interval is 15 min (i.e., 96 data points per day). The trend extrapolation adopted in this paper uses the information of historical data to find the trend of historical load changes based on SDAE unsupervised algorithm. In the forecasting task, the future load values are extrapolated according to this trend. The hold-out method is used to validate the forecasting performance in this paper. The hold-out method is a validation method, which divides the original datasets into training datasets and testing datasets. The training datasets are used to train the model and the testing datasets are used to test the model performance. The proportion of training datasets should be more than 70%. Due to the limitation of data, the proportion of training datasets in this paper is set as 90% to make it as large as possible. Therefore, data from 1 January 2013 to 30 September 2013 constitute the training datasets and data from 1 October 2013 to 31 October constitute the forecasting datasets.



Actually, the electric load data are affected by many factors. In this paper, two weather factors are selected: somatosensory temperature and relative humidity. The historical data of these factors are obtained from the Historical Weather Data [39].



In data pre-processing, raw data are standardized by the following equation:


X′=x−x¯s.



(4)








4.2. Forecasting Performance Metrics


Three criteria are used to evaluate the performance of each method. They are the mean absolute error (MAE), mean absolute percentage error (MAPE), root mean-squared error (RMSE), and mean-squared error, which are computed respectively as follows:


MAE=1N∑t=1N|prealt−ppret|,



(5)






MSE=1N∑t=1N(prealt−ppret)2,



(6)






MAPE=1N∑t=1N|prealt−ppretppret|×100%,



(7)






RMSE=1N∑t=1N(prealt−ppret)2,



(8)




where preal and ppre represent measured value and predictive value of the electric data. N denotes the total number of samples used for performance evaluation.




4.3. Load Forecasting


4.3.1. The Selection of the Fourth Factor


Electric loads have obvious changing trends, which are characterized by periodicity, seasonality, timeliness, and so on. In terms of periodicity, there exist several main change characteristics: (1) Change laws between different days are roughly similar; (2) Change laws of the week type with the same number of days are consistent; and (3) Change laws between holidays and workdays are different. The change of user’s electricity consumption behavior is related to the change of date type. Therefore, the average load which represents the trend information of electric load in the entire historical data can guide the network to more accurately learn the trend information in the historical data. In this paper, the daily average load data (DA), weekly average load data (WA), and monthly average load data (MA) are selected. The prediction error of each type of load is calculated, respectively. The one with the smallest prediction error serves as the fourth factor that is put into the final datasets. The trend extrapolation adopted in this paper uses the information of historical data to find the trend of historical load changes based on SDAE unsupervised algorithm. In the forecasting task, the future load values are extrapolated according to this trend. In order to find the fourth factor of the final model (which is the baseline of the whole network), we use the SDAE-based model to perform three single-parameter predictions for the daily average load, the weekly average load, and the monthly average load, respectively. The one with the smallest prediction error is used as the fourth factor of the SDAE-4 training model. Figure 6 is the schematic diagram of the framework of SDAE-1SDAE-3.



The daily average (DA), weekly average (WA), and monthly average (MA) data for January–September 2013 are used to train SDAE-1–SDAE-3. The October data are used to find out which type of data can better identify the load pattern.



The average values of MSE, MAPE, RMSE, and MAE of daily average load, weekly average load and monthly average load are listed in Table 1. It can be seen from Table 1 that the DA load performance is the best, and this group of data can better find the electric load change laws. Therefore, the average daily load is put into the SDAE-4 network as the fourth factor.




4.3.2. Forecast Results and Comparative Analysis


After data pre-processing, the historical load, the somatosensory temperature, the relative humidity, and the daily average load of the Chinese city Fuyang from January 2013 to September 2013 are selected as the dataset. Figure 7 is the schematic diagram of the framework of SDAE-4. The entire data are divided into the 90% training datasets and the 10% forecasting datasets. In addition, 75% of the training datasets are used to train the model and 25% are used to test the model performance. Finally, SDAE-4 with two hidden layers (1-2-1), BP neural network and AE are chosen in the comparison. All considered algorithms are implemented with Python 3.5. The advantage of SDAE is its capability to continuously update the dataset based on predicted results, which enables it to learn the patterns of previous fluctuations and correct the fluctuation trend of data in the training set by the latter consequence [34]. To clearly exhibit the fitting effect of the model, a part of the fitting result of SDAE-based model in testing datasets is partly shown in Figure 8:



Table 2 compares the average error and maximum error of SDAE-based model from Monday to Sunday and shows that the SDAE-based model can find the periodic change law of historical data. Compared with other days, Saturday’s max MAPE is the biggest probably because Saturday is the transition of weekends and workdays. Figure 9 and Table 3 show the forecast tracking and error comparison of each method.



According to the MAPE, MSE, MAE, RMSE, it can be concluded that the SDAE outperforms other models in electric load forecasting. All of the calculation results prove that the performance of SDAE is better than that of the traditional data driven models when predicting the electric load of the second day. Figure 9 showed that the best forecasting performance is obtained by SDAE. The MAPE of the proposed model is 2.88%. Overall, the proposed model forecasting values fit the actual values. Additionally, at 7:00 p.m., the forecasting value of the proposed model is also closer to the actual value than other algorithms. From 6:00 p.m. to 7:00 p.m., only the proposed model accurately forecasts the changing trend of actual load values. The forecasting trends of other models are opposite to the actual trend. Such opposite forecasting will lead to undesirable outcomes if it occurs in the real condition.






5. Conclusions and Future Work


In this paper, the proposed method is validated by the actual data of the Chinese city Fuyang and the performance of the proposed method is evaluated by comparing the prediction results of the SDAE-based model with other algorithms.



In order to reflect the periodicity of historical data in the dataset, this paper selects the daily average load as the fourth factor and uses it as the baseline. Experiments show that this model can find the periodicity based on this factor. The results also reveal that the unsupervised learning approach using the SDAE model is feasible in load forecasting, and, because it only uses four dimensions in the dataset, it can reduce the computational complexity of the model.



In the load forecasting task of the deep network, since the SDAE neural network uses the idea of the greedy algorithm to pre-train and fine-tune layer by layer, the problems of over-fitting and gradient vanishing are solved in our research. The proposed method is expected to be a key technique for demand side management, energy storage system scheduling, and energy trading platforms in future smart grids.



In future work, the sample size will be expanded to examine the forecasting performance of the model when seasonal factors are considered. In addition, the SDAE-based model will be combined with other neural networks such as LSTM and GRU in the search for better forecasting performance.
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Figure 1. Schematic diagram of auto-encoder (AE). 
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Figure 2. Schematic diagram of denoising auto-encoder (DAE). 
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Figure 3. Schematic diagram of double denoising auto-encoder. 
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Figure 4. Schematic diagram of stacked denoising auto-encoder (SDAE). 
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Figure 5. Schematic diagram of the whole algorithm with the SDAE Model. 
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Figure 6. The framework of SDAE-13. 
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Figure 7. The framework of SDAE-4. 
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Figure 8. Fitting results of the SDAE-based model. 
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Figure 9. The comparisons of load forecasting results for a certain day. 
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Table 1. The comparison of average load prediction.
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	Metric
	DA
	WA
	MA





	MSE/MW
	316.93
	19,066.71
	25,043.12



	MAE/MW
	14.56
	119.54
	158.25



	RMSE/MW
	10.41
	79.80
	158.25
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Table 2. The comparison of errors for Monday to Sunday.
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	Week
	Average MAPE
	Max MAPE
	Average MSE/MW
	Max MSE/MW





	Monday
	2.87%
	13.05%
	1470.09
	20,208.65



	Tuesday
	2.84%
	14.89%
	1474.40
	22,878.74



	Wednesday
	2.94%
	13.51%
	1509.40
	24,338.06



	Thursday
	2.90%
	14.00%
	1547.41
	22,898.14



	Friday
	2.88%
	13.57%
	1506.83
	20,218.29



	Saturday
	2.85%
	15.89%
	1580.70
	28,186.05



	Sunday
	2.82%
	13.66%
	1592.79
	26,784.63
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Table 3. Comparison of errors of different forecasting methods.
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	MAPE
	MSE/WM
	MAE/WM
	RMSE/WM





	SDAE
	2.88%
	1524.44
	27.99
	27.22



	BP
	3.66%
	4030.83
	35.19
	56.51



	AE
	6.16%
	12,082.66
	56.61
	94.24
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