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Abstract: Time series prediction has always been an important problem in the field of machine learning. Among them, power load forecasting plays a crucial role in identifying the behavior of photovoltaic power plants and regulating their control strategies. Traditional power load forecasting often has poor feature extraction performance for long time series. In this paper, a new deep learning framework Residual Stacked Temporal Long Short-Term Memory (RST-LSTM) is proposed, which combines wavelet decomposition and time convolutional memory network to solve the problem of feature extraction for long sequences. The network framework of RST-LSTM consists of two parts: one is a stacked time convolutional memory unit module for global and local feature extraction, and the other is a residual combination optimization module to reduce model redundancy. Finally, this paper demonstrates through various experimental indicators that RST-LSTM achieves significant performance improvements in both overall and local prediction accuracy compared to some state-of-the-art baseline methods.
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1  Introduction

As new energy develops, photovoltaic power is increasingly utilized. However, photovoltaic power generation varies with daily solar irradiance, and stations are typically scattered, unlike centralized thermal power plants. Thus, regulating photovoltaic power stations is crucial.

State estimation, key to power system awareness, impacts plant control effectiveness. Power state estimation methods fall into three main categories: transmission-based, distributed-based, and pseudo-measurements [1]. Supervisory control and data acquisition (SCADA) and phasor measurement units (PMUs) are commonly used for transmission-based methods. The SCADA system [2] integrates RTU, communication networks, a main station, and interactive interfaces to provide asynchronous data every 2–5 s. PMUs [3] offer voltage and current phasor measurements with timestamps via high-precision GPS, reporting 50–60 times per second. Besides SCADA and PMU’s distributed applications, AMI [4,5] holds significant potential for state estimation in distributed systems. Advanced metering infrastructure (AMI) includes smart meters, data concentrators, communication networks, and data management systems. Smart meters can capture samples at rates up to 30 Hz. However, AMI submits locally stored data to remote databases only once or twice daily. Pseudo measurements address unobservability and enhance measurement redundancy, which are categorized into statistical and learning-based types. Statistical measurements necessitate separate modeling for various data sources, incurring high costs, while learning-based methods enhance model universality by not requiring separate data modeling.

Currently, learning-based pseudo measurements evolve with the advancement of deep learning. Common methods are clustering, artificial neural networks, and probabilistic neural networks. These methods aim to minimize the gap between predicted and actual values. This paper introduces the RST-LSTM framework, featuring load decomposition for high-frequency data extraction and an enhanced recurrent neural network for training and testing. The framework addresses long-sequence feature extraction, enhances prediction accuracy, and offers more reliable pseudo-measurement data for state recognition.

The remaining structure of this article is as follows: Section 2 reviews related work; Section 3 details the proposed RST-LSTM framework; Section 4 discusses comparative and ablation study results; Section 5 concludes the paper.

2  Related Work

2.1 Power Plant State Estimation Based on Pseudo Measurements

The current pseudo measurement based power plant state estimation is mainly based on learning. Reference [6] proposed a new high-precision photovoltaic power generation prediction model. This method preprocessed photovoltaic power generation data before model training, including weather type classification, similar day selection, and principal component analysis. Genetic algorithms were also employed to optimize the initial weights and thresholds during training. The experimental results demonstrated the significance of weight setting in accurately detecting and identifying bad data. Reference [7] proposed a consumer fit distribution determination method based on probabilistic neural network (PNN). This method used wavelet multi-resolution analysis based on actual load profile data and introduced fuzzy c-means (FCM) clustering algorithm. The experimental results indicated that this method can identify consumers who deviate from the contract schedule, offering management solutions for the power industry. Reference [8] proposed a new method to predict the load distribution of low-power customers in low-voltage distribution networks. This method was divided into two stages. The first stage proposed a frequency based clustering algorithm to extract user load patterns, which had superior performance compared to commonly used methods such as K-means. The second stage proposed a total load data prediction method, which can forecast load data two weeks ahead, using historical energy consumption data and sample customer data.

2.2 Load Data Decomposition

Load Decomposition [9] is a method that decomposes the original load signal into multiple sub-signals to optimize feature extraction. Currently, wave form decomposition methods are widely used to solve load decomposition problems. The commonly used decomposition methods are Empirical Mode Decomposition (EMD) [10], Variational Mode Decomposition (VMD) [11], and Wavelet Decomposition (WD) [12]. The EMD method decomposes the data based on its own time scale characteristics, which means that the method does not need to set any basis functions in advance. Theoretically, it can be used to decompose any feature signal, and the resulting sub-signals are stationary signals. The VMD method uses an iterative search for the optimal solution of the variational model, which determines the center frequency and bandwidth of each decomposed component. Each mode is smooth after demodulation into the baseband. Compared to the EMD method, the number of components obtained by the VMD method is determined, and the VMD method can suppress the mode mixing phenomenon of the EMD method. The Wavelet decomposition method, its process is to decompose the original signal into approximate coefficient signals and detail coefficient signals, and then decompose the approximate coefficient signals into the next layer set. The approximate coefficient signal corresponds to a low-frequency signal, while the detail coefficient signal corresponds to a high-frequency signal. Using the Wavelet method, the original signal can be denoised to obtain a smoother data signal.

2.3 Load Forecasting Based on Recurrent Neural Networks

Currently, the most commonly used recurrent neural networks are long short term memory network (LSTM) [13,14], gated recurrent unit (GRU) [15,16] and dual stage attention based recurrent neural network (DA-RNN) [17]. Recurrent neural networks [18] are capable of transmitting past time information within cells, which makes them suitable for processing time series data. For LSTM networks, the recurrent unit consists of several gating mechanisms, including forget gate, input gate, and output gate. The forget gate decides which information to pass on and which to discard. For GRU, it includes only two gating mechanisms: update gate and reset gate. Compared to LSTM, the simplification speeds up training time but may slightly compromise accuracy. Compared to the first two, DA-RNN introduces and improves attention mechanism. The role of attention mechanism is to allocate weights, which makes the model focus on specific inputs. DA-RNN uses two stages of attention mechanism [19] to optimize recurrent neural networks. In the first stage, adaptive feature extraction is performed on the input by referring to the hidden state of the encoder. The second stage selects hidden states for all time steps through attention mechanism. This two-stage attention mechanism optimizes the feature extraction performance of recurrent neural networks for long time series.

3  Methodology

3.1 Structure of RST-LSTM

RST-LSTM model is based on time convolutional network (TCN), LSTM model, self-attention mechanism, and reinforcement output activation unit, as depicted in Fig. 1. RST-LSTM obtains the local feature information Yi′ of the input data Xi, using the basic module ST-LSTM. Subsequently, the input data is connected to the output data of each stacked temporal convolutional memory unit Module (ST-LSTM) layer, using an improved residual network connection method. After the combination with the enhanced output activation unit, the final predicted output Yi is obtained.
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Figure 1: Structure of RST-LSTM

Time series prediction predicts the next step of load data by utilizing historical time data. The feature learning effect of the model on the input sequence directly affects the accuracy of the output sequence. Therefore, ST-LSTM is developed to enhance LSTM, which improve fundamental feature extraction. The input data is processed through a time convolutional network to obtain global sequence information. Compared to traditional convolutional neural networks, time convolutional networks can extract features from sequences of any step size. Then, local feature learning is carried out through the LSTM module, and a self attention mechanism is added at the output end to enhance some feature information. Compared to a simple progressive network structure, dense convolutional networks are used for optimization and combination. The input sequence is subjected to multi-layer feature analysis by the ST-LSTM, deriving preliminary insights. On this basis, an improved residual network is used to connect the outputs of each layer of ST-LSTM, reducing the use of stacking modes and model redundancy.

3.2 Load Data Preprocessing Strategy Based on Wavelet Decomposition

Wavelet decomposition is an indispensable method in signal processing and analysis. Compared to traditional Fourier transform methods, wavelet decomposition is more stable and performs better in signal processing. Considering that both signal data and load power data are time series, wavelet decomposition preprocessing is applied to load data to reduce prediction errors. This paper introduces wavelet decomposition to preprocess the input load data.

The original input data is decomposed into a triple sequence through wavelet decomposition. They are the first layer of low-frequency data, the first layer of high-frequency data, and the second layer of high-frequency data. Then, input the obtained low-frequency data and high-frequency data into the RST-LSTM prediction module for prediction analysis. Finally, the predicted values corresponding to low-frequency and high-frequency data are reconstructed, using wavelet transform to obtain the final predicted data.

Among them, wavelet decomposition can be divided into continuous wavelet decomposition and discrete wavelet decomposition. For any input data signal g(x), its continuous wavelet decomposition equation is:

CWTφg(m,n)=∫−∞+∞g(x)φ¯m,n(x)dx=m−12∫−∞+∞g(x)φ¯(t−nm)dx(1)


where m and n are scale parameters and positional parameters, respectively. φ¯(t) represents the complex conjugate form of φ(t). The overall continuous wavelet decomposition is manifested as the similarity between input data signal g(x) and φm,n(x). In the process of continuous wavelet decomposition, the wavelet coefficients are determined by the continuous expansion wavelet and the shifted mother wavelet, so all possible scale and time wavelet coefficients can be calculated.

3.3 Stacked Temporal Convolutional Memory Unit

Although LSTM has obvious advantages for short sequences, there are still drawbacks such as gradient explosion and vanishing when it comes to the demand for long sequences. In addition, excessive linear stacking of LSTM not only greatly increases the time loss of the model, but also generates high redundancy of the model, greatly reducing prediction accuracy. Therefore, the stacked temporal convolutional memory unit module integrates the Time Convolutional Network (TCN) module, LSTM model and self-attention mechanism. By adopting the connection approach of denseness, it simplifies the transmission mode of linear overlay LSTM, which reduces time loss, and improves the ability of model feature analysis. The design of the stacked temporal convolutional memory unit is shown in Fig. 2.
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Figure 2: Structure of the stacked temporal convolutional memory unit

3.3.1 Time Convolutional Network Dilation Mechanism

Recurrent neural networks (RNNs) have excellent performance in time series processing. However, RNN also has relative limitations. When it comes to long sequences, the model’s complexity and memory requirements can increase significantly. How to reduce complexity without affecting the efficiency of feature extraction has become a problem to be solved. Therefore, Bai et al. [20] combined the ideas of dilated convolution and residual networks to construct a Time Convolutional Network (TCN) in 2016. Compared to traditional RNN processing methods, TCN utilizes its own convolutional layer when processing time series, which can parallelly process relevant data and reduce time loss. Meanwhile, combining the idea of dilated convolution, different input and output requirements can be adjusted by changing the size of the receptive field. Finally, by combining the residual network connection method, the drawbacks of gradient explosion and vanishing are effectively avoided [21–23]. Fig. 3 is the schematic diagram of a time convolutional network. The use of dilated convolution in TCN can better match the feature extraction of relevant sequences. The output expression of dilated convolution is: G(F,X)=(F∗X)xi=∑k=1Nfkxt−(N−k)d, the input sequence is X={x0,x1,x2,…,xn}; The expression for the corresponding convolution kernel of size N is F={f1,f2,f3,…,fN}; fk is the number of filters in the corresponding convolution operation, d is the dilation factor. In order to increase the stability of convolutional networks, residual networks are introduced to reduce gradient vanishing and exploding phenomena caused by excessively long sequences. The input data is overlaid with the data from the previous output layer through a 1 × 1 convolution operation to obtain the final output data.
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Figure 3: Structure of time convolutional network

3.3.2 Self Attention Reinforcement Mechanism

The self attention reinforcement mechanism is an optimization model based on the attention mechanism. The attention mechanism focuses on the correlation between data inputs and optimizes the model’s high dependence on data.

The self attention reinforcement mechanism uses the self attention mechanism as the main component module. The self attention mechanism can improve the correlation between internal features of data, reduce the model’s external dependence on data, and achieve the model’s own data loop. The essence of self attention mechanism is to calculate the mutual influence relationship between each input data and obtain the long-term dependencies. The structure of the self attention mechanism is shown in Fig. 4.
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Figure 4: Structure of self attention mechanism

Firstly, perform different convolution operation on the input data wq, wk, wv, and obtain the corresponding value of q, k, v. The first round of convolution operation shares the first q value globally, called q1, convolved with different k values, and the corresponding score value a1,i′ is obtained through the softmax function. The obtained a1,i′ perform a product operation with the corresponding vi, and finally accumulate all the product operations to obtain the weighted sum value b1 for q1.

In addition, drawing on the connection method of Densnet, skip connections are made between the input data before the first layer of long short memory module and the data between the long short memory module, which is based on the linear connected time convolutional network, long short memory module, and self attention mechanism, strengthening the self attention mechanism’s analysis of the correlation between internal features of the data. On the basis of reducing the superposition of linear networks, the feature analysis ability is improved, and the prediction accuracy of the entire ST-LSTM is optimized. The internal transfer output of the ST-LSTM model is shown in formula:

yi=xi||LSTMi||LSTMi+1||F(xi)(2)

Among it, yi is the final output, xi is the current input data, LSTMi is the transfer output of the current long short memery module, and LSTMi+1 is the transfer output of the next layer of long short memory module. F(xi) is the transfer output of the overall feature extraction module, and || represents the superimposed combined output. The enhanced skip combination method not only reduces the drawbacks of model redundancy caused by the multi-layer stacking of LSTM, but also increases the global receptive field of ST-LSTM, improving the accuracy of the model in feature analysis.

3.4 Residual Combination Optimization Structure

The residual combination optimization structure draws inspiration from the ideas of multi-level residual network (MRN) to reduce network redundancy and gradient explosion caused by network stacking.

Among them, MRN uses the idea of convolutional connections to enhance the convolutional outputs of each layer. While ST-LSTM focuses on extracting time series features, MRN focuses on the convolutional outputs of various interval values in the input data and intermediate network layer output data, and enhances the outputs by combining various activation functions. Partial skip connections are achieved through residual networks to increase the receptive field information of the model, improving overall prediction accuracy. The overall process of residual combination optimization structure is shown in Fig. 5.
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Figure 5: Structure of residual combination optimization

The transfer process of residual combination optimization structure is shown in formula:

yi=xi||Act(xi)||Act(Model1)||Model1||Act(Model2)||F(xi)(3)

yi is the final output, xi is the current input data, Modeli is the output passed by the ith layer model, F(xi) represents the transfer output of the overall feature extraction module, and || represents the superimposed combined output, Act(i) is the convolutional transfer function. Compared to the linear superposition of multi-layer convolutional networks, the residual combination optimization structure uses convolutional transfer functions to connect the outputs between different layers of models, skipping the transfer of part of the output data. The structure improves the accuracy of feature extraction only through multi-layer connections, without adding additional parameters, meeting the demands for both timely response and accurate forecasting.

Drawing inspiration from the one-dimensional CNN convolutional output mode in MRN, the residual combination optimization structure also utilizes the enhanced convolutional connection mode to activate various transfer outputs. Compared to using a single Relu activation function, the enhanced convolutional connection mode uses a combination of Softmax and Relu functions to activate the output. The softmax function is suitable for multi-classification problems and can effectively aggregate and classify various similar features. The load data is first convolved and classified by using 1D CNN, and then output by using Relu function, effectively improving the accuracy of various feature analysis and thus improving prediction accuracy.

4  Experiment Evaluation

4.1 Evaluation Indicators

Time series prediction is mainly aimed at predicting the relevant step sizes of input sequence, and the main evaluation parameters include accuracy indicators. The accuracy indicators, with r2 as the main indicator, reflects the fitting effect of the model and the accuracy of the model during prediction. The specific calculation formula is as follows:

r2=1−∑i=1k(zi−zi^)2∑i=1k(zi−z¯)2(4)

zi represents the predicted value information output, z^i represents the true value information of the input, z¯ represents the average value information of the input value. k represents a total of k sample information data. The larger r2, the better the fitting effect of the model, and the higher the prediction accuracy. In addition, for short-term load forecasting, time loss is also an essential testing indicator, and the time loss indicator used in this paper is cost_avg_Epoach. The relevant expression is as follows:

costAvgEpoach=∑i−1ncostTimen(5)

n represents the maximum number of iterations in the network, which is set to 100 by default in this experiment. cost_Time represents the time consumed by the model during each training round. At the same time, in order to comprehensively verify the stability of the model and the accuracy of the prediction effect, RMSE and MAE are also used as additional evaluation indicators. The relevant expressions are as follows:

RMSE=1k∑i=1k(zi−z^i)2(6)

MAE=1k∑i=1k|zi−z^i|(7)

zi represents the predicted value information output, z^i represents the true information of the input. k represents a total of k sample information data.

4.2 Results of Comparative Experiments

This section compares five comparative models: LSTM, GRU, CNN-LSTM, LSTNet, DARNN, and the Short Term Load Forecasting Method (RST-LSTM) proposed in this paper. The models for comparison and the model proposed in this paper all used the same test and training sets. The various comparative experimental results obtained are shown in Table 1.
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In Table 1, based on the electricity load data of Anhui Province in 2022, RST-LSTM has significant advantages in various indicators. Among the six types of models, RST-LSTM achieved the highest scores on r2 cost_avg_Epoach, RMSE, and MAE.

Among the six types of networks, the stacked GRU model and the stacked LSTM model, although achieving better performance in single time loss, have the worst performance on the r2 indicator. And, as the model layers are stacked, there will be phenomena of gradient explosion, which leads to a loss of accuracy in the model. LSTNet is essentially an optimized combination network of convolutional layers and LSTM, but it introduces an autoregressive structure and attention mechanism, resulting in high time loss of the model. Compared to LSTNet and stacked LSTM models, CNN-LSTM is still relatively excellent in the r2 and cost_ave_Epoach. In CNN-LSTM, the linear stacking network of convolutional layers and LSTM effectively reduces the gradient explosion phenomenon in stacked LSTM, but the time loss also increases. DARNN model is essentially a recurrent neural network with a two-stage attention mechanism, which has high accuracy in the r2, increasing by 30.4% compared to LSTM. However, it also has the highest time loss. Based on the advantages of different models which are mentioned above, the prediction results of some time periods are selected for comparison. The results are shown in Fig. 6. The time interval on the horizontal axis is 2 h, and the unit on the vertical axis is 103.
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Figure 6: Load forecasting results of 6 types of models

In Fig. 6, different colors are used to represent the predictive performance of different prediction models. Among them, the light pink RST-LSTM stands out with the top predictive performance, and the predictions of other models also vary. However, for local feature extraction, especially for zero value prediction, RST-LSTM’s activation function based on Softmax Relu can effectively classify features and improve the prediction accuracy of salient features. Therefore, in terms of local prediction, RST-LSTM can still maintain high predictive performance. LSTNet, LSTM and GRU cannot efficiently analyze the overall features due to their various properties and the drawbacks caused by excessive stacking. Overall, RST-LSTM is the best in terms of time loss and prediction accuracy.

4.3 Results of Ablation Experiments

In order to verify the effectiveness of the RST-LSTM model and residual combination optimization structure, this paper conducts relevant ablation experiments based on the 2022 Anhui Province power load dataset. The experimental results are shown in Table 2 and Fig. 7. LSTM-5 represents a 5-layer stacked LSTM network model, R-LSTM-2 represents a two-layer LSTM model using residual combination optimization structure, ST-LSTM represents a load forecasting model that removes residual combination optimization structures and adopts a stacked form.
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Figure 7: Results of ablation experiments

Specifically, when removing residual combination optimization structures, compared to RST-LSTM, the single time loss of ST-LSTM has decreased by 0.1128 s. However, the r2 indicator decreased by 1.8%. This indicates that the residual combination optimization structure has improved the prediction accuracy of the model while sacrificing some time. Comparing R-LSTM-2 and RST-LSTM, they all adopt a two-layer model based on residual combination optimization structure. Compared to LSTM, ST-LSTM showed an improvement in both single time loss and r2 index, with a decrease of 0.3513 s and an increase of 2.5%, respectively. This indicates that the proposed stacked temporal convolutional memory unit Module (ST-LSTM) performs better than LSTM on the 2022 Anhui Province power load dataset. Finally, comparing LSTM-5 and R-LSTM-5, it can be seen that in the case of 5-layer LSTM stacking, the model has the drawback of gradient vanishing, and the r2 indicator has significantly decreased. However, the 5-layer LSTM stacking model based on residual combination optimization structure can maintain a high level of r2 index. This reflects that residual combination optimization structure helps alleviate the phenomenon of gradient vanishing caused by too many stacked models.

In order to verify the effectiveness of the enhanced convolutional connection activation function, this paper also compared various commonly used activation functions on the same model and dataset. The results are shown in Table 3, Figs. 8 and 9.
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Figure 8: Results of ablation experiments
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Figure 9: Process of training

As shown in Table 3, the combination of Softmax Relu has the worst single time loss and the best performance in other indicators. However, there is a difference of 0.0559 s between the single time loss and the optimal Relu activation function, and the r2 indicator has increased by 4.5%. Therefore, although the Softmax activation function has some time loss in classification problems, it has a high improvement in model accuracy. Meanwhile, in Fig. 8, the combination of Softmax Relu has the best performance in predicting zero values and partial feature values. Finally, as shown in Fig. 9, the combination of Softmax Relu has the highest initial value and fastest convergence of the model in the first 10 iterations. Therefore, for short-term load forecasting which requires low time loss and high accuracy, the combination of Softmax Relu is feasible.

5  Conclusion

This paper proposes a new deep learning framework for State Estimation of Photovoltaic Power Plants. By combining stacked memory modules and wavelet decomposition strategies, the framework enhances local feature extraction and can focus on global feature analysis. Meanwhile, RST-LSTM has achieved the best prediction performance among the six types of load forecasting models, and can also maintain high accuracy in local forecasting, based on the electricity load data of Anhui Province in 2022. In addition, the effectiveness of the residual combination optimization structure proposed in this paper was verified through ablation experiments on residual structures, providing a more accurate solution for power plant state estimation based on pseudo measurements.
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Table 1: Results of comparative experiments

Model r cost_avg_Epoach RMSE MAE
GRU 0.488 1.4142 (s) 1.363 1.064
LSTM 0.734 1.8396 (s) 0.983 0.755
DARNN 0.932 2.8164 (s) 0.495 0.308
LSTNet 0.743 3.3224 (s) 0.965 0.768
CNN-LSTM  0.922 2.0913 (s) 0.533 0.201

RST-LSTM 0.957 1.0082 (s) 0.397 0.146
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Table 3: Results of ablation experiments

Model r cost_avg_Epoach RMSE MAE
Relu 0.912 0.9523 (s) 0.566 0.216
Selu 0.955 0.9592 (s) 0.406 0.183
Relu-Selu 0.904 0.9541 (s) 0.590 0.272
Selu-Relu 0.952 0.9823 (s) 0.416 0.195
Softmax-Relu  0.957 1.0082 (s) 0.397 0.146
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Table 2: Results of ablation experiments

Model r cost_avg_Epoach RMSE MAE
LSTM-5 0.713 1.8512 (s) 0.962 0.723
R-LSTM-2 0.932 1.3595 (s) 0.434 0.204
R-LSTM-5 0.959 2.2183 (s) 0.385 0.183
ST-LSTM 0.939 0.8954 (s) 0.423 0.215
RST-LSTM 0.957 1.0082 (s) 0.397 0.146
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