[image: image1]CNN-GRU model based on attention mechanism for large-scale energy storage optimization in smart grid

		ORIGINAL RESEARCH
published: 26 July 2023
doi: 10.3389/fenrg.2023.1228256


[image: image2]
CNN-GRU model based on attention mechanism for large-scale energy storage optimization in smart grid
Xuhan Li*
School of Electrical Engineering, Hebei University of Technology, Tianjin, China
Edited by:
Xin Ning, Chinese Academy of Sciences (CAS), China
Reviewed by:
Tomasz Górski, University of Gdansk, Poland
Luyang Hou, Beijing University of Posts and Telecommunications (BUPT), China
Juvenal Rodriguez, Autonomous University of Queretaro, Mexico
Ebrahim Elsayed, Mansoura University, Egypt
* Correspondence: Xuhan Li, littlecat0601@163.com
Received: 24 May 2023
Accepted: 14 June 2023
Published: 26 July 2023
Citation: Li X (2023) CNN-GRU model based on attention mechanism for large-scale energy storage optimization in smart grid. Front. Energy Res. 11:1228256. doi: 10.3389/fenrg.2023.1228256

Introduction: Smart grid (SG) technologies have a wide range of applications to improve the reliability, economics, and sustainability of power systems. Optimizing large-scale energy storage technologies for smart grids is an important topic in smart grid optimization. By predicting the historical load and electricity price of the power system, a reasonable optimization scheme can be proposed.
Methods: Based on this, this paper proposes a prediction model combining a convolutional neural network (CNN) and gated recurrent unit (GRU) based on an attention mechanism to explore the optimization scheme of large-scale energy storage in a smart grid. The CNN model can extract spatial features, and the GRU model can effectively solve the gradient explosion problem in long-term forecasting. Its structure is simpler and faster than LSTM models with similar prediction accuracy. After the CNN-GRU extracts the data, the features are finally weighted by the attention module to improve the prediction performance of the model further. Then, we also compared different forecasting models.
Results and Discussion: The results show that our model has better predictive performance and computational power, making an important contribution to developing large-scale energy storage optimization schemes for smart grids.
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1 INTRODUCTION
Smart Grid is a new type of power grid based on information technology, automation technology, and energy technology (Estévez-Bén et al., 2020b). Through monitoring, scheduling, and controlling the whole process of power production, transmission, distribution, and use, it realizes intelligent management and optimization of the power system Alvarez-Diazcomas et al. (2019), thus improving its reliability, economy, and sustainability. Energy storage technology is an important part of the smart grid, which can increase the power system’s flexibility and dispatchability, reduce the system’s peak-to-valley difference, and improve the efficiency and stability of power grid operation. Deep learning is a neural network-based machine learning method that can automatically extract features from data and perform pattern recognition and prediction by learning from a large amount of data López et al. (2018). In a large-scale energy storage optimization scheme for smart grids, deep learning models can be used to predict the load of the power system and theprice of electricity to develop an optimal energy storage strategy.
At this stage, a common deep learning-based large-scale energy storage optimization scheme for smart grids is that: First, perform data preprocessing: collect historical load and electricity price data of the power system and perform preprocessing, including data cleaning, normalization, and temporalization (Rezaeimozafar et al., 2022); second, perform deep learning modeling: use deep learning models such as Recurrent Neural Network (RNN) (Abedi and Kwon, 2023) or Long Short-term memory (LSTM) (Zhao et al., 2022) to Second, deep learning modeling is performed: using deep learning models such as Recurrent Neural Network (RNN) or Long Short-term memory (LSTM) to learn and predict historical load and electricity price data. The prediction results are compared with the actual data to evaluate the accuracy and stability of the model; thirdly, energy storage optimization is formulated: according to the prediction results of the deep learning model, the optimal energy storage strategy is formulated, including the selection of the best energy storage equipment, energy storage capacity, charging and discharging strategy. At the same time, considering the changes in the power market and the economics of energy storage equipment, the optimal energy storage plan is formulated by considering the costs and benefits; finally, real-time control: according to the energy storage plan, the energy storage equipment is controlled and dispatched in real-time to ensure the stable operation of the power Estévez-Bén et al. (2019) system (Lai et al., 2022). The models commonly used for learning and forecasting historical load and power price data are time series model: time series model is a statistical model based on time series data, which can be used to predict future trends and seasonal changes, but there are strict assumptions on data smoothness, autocorrelation., which need to meet certain preconditions, may not be flexible enough for nonlinear and complex relationships, prediction The disadvantages include limited accuracy. In the power system, the commonly used time series models include the ARIMA model (Zhang et al., 2022), seasonal ARIMA model Han et al. (2022), exponential smoothing model (Zheng and Jin, 2022).; regression model: regression model predicts future trends by establishing the relationship between load or power price and some related factors, but it may not be flexible enough for non-linear and complex relationships and has limited prediction accuracy. In the power system, these factors may include temperature, humidity, weather, economic indicators, etc. Commonly used regression models include linear regression (Choo and Go, 2022), polynomial regression (Jena and Ray, 2023), ridge regression (Ahmad et al., 2022).; neural network model Abedi and Kwon (2023): neural network model is a nonlinear model that predicts future trends by learning historical data, which can handle large amounts of data and nonlinear relationships and is suitable for complex prediction tasks, but the training process requires a lot of computational resources and time. In a power system, the commonly used neural network models include feedforward neural networks, recurrent neural networks, long and short-term memory networks.; decision tree model (Mostafa et al., 2022): decision tree model predicts future trends by constructing a tree-like structure, which can handle nonlinear and interactive relationships, and is suitable for complex prediction tasks, but there may be overfitting problems for high-dimensional data and noisy data. The commonly used decision tree models in power systems include the CART (Classification and Regression Tree) algorithm, random forest (Estévez-Bén et al., 2020a).
Based on the advantages and disadvantages of the above models, this paper proposes a prediction model that combines an attention mechanism-based convolutional neural network (CNN) (Lu et al., 2022) and a recurrent gated unit (GRU) (Xiao et al., 2023). First, the historical data and other predictive indicators are input into the CNN for convolutional processing to extract their important features. Then the output results are passed through the GRU network, which can effectively perform long-term time series The GRU network can effectively perform long-term time-series prediction, which is an improved version of the LSTM model, and then go through the attention mechanism (Li et al., 2022) module to reasonably assign weights and optimize the model through autonomous learning, and finally form a CNN-GRU-AM model to predict the historical load and power price of the power system, and then develop a reasonable large-scale energy storage optimization scheme.
The contribution points of this paper are as follows.
• Compared with traditional financial time series and regression models, the attention mechanism can automatically focus on historical data that have a decisive impact on the current prediction results by learning important features in the historical data. Compared with other models requiring manual selection and feature extraction, the attention mechanism can automatically discover important features and improve prediction accuracy.
• Compared with decision tree models, CNN-GRU models combine convolutional neural networks and gated recurrent unit networks, which can handle sequential and spatial data. This allows the model to consider both the time-series characteristics of historical load or electricity prices and their spatial distribution characteristics, thus improving the prediction accuracy.
• Compared with deep learning models, CNN-GRU models have better generalization ability and can be applied to different electricity systems and scenarios. Compared with other models that need to be retrained in each scenario, the CNN-GRU model can apply the learned knowledge to new scenarios through migration learning and other methods, thus improving the efficiency and effectiveness of the model.
In the rest of this paper, we present recent related work in Section 2. Section 3 offers our proposed methods: overview, convolutional neural networks; gated recurrent unit (GRU); attention mechanism. Section 4 presents the experimental part, details, and comparative experiments. Section 5 concludes.
2 RELATED WORK
Optimizing energy storage systems in smart grids is key to improving energy efficiency, reducing costs, and ensuring a reliable energy supply. Researchers have used various techniques to optimize energy storage systems, including reinforcement learning, LSTM networks, and multi-objective optimization. These techniques offer different advantages and disadvantages but aim to find the optimal trade-off between competing goals. By leveraging these technologies, energy providers, consumers, and policymakers can develop more efficient and effective energy storage systems to meet the needs of various stakeholders and contribute to a more sustainable energy future. In the rest of this section, three works on optimizing energy storage systems, namely, reinforcement learning, LSTM network, and multi-objective optimization, will be introduced.
2.1 Reinforcement learning for energy storage optimization
This work uses reinforcement learning algorithms to make energy storage systems operate more efficiently and reliably in smart grids (Cao et al., 2020). In this field of study, researchers have proposed various optimization methods to improve the efficiency and reliability of energy storage systems. Reinforcement learning is an algorithm widely used in machine learning, which trains agents to make decisions through trial-and-error interactions. Researchers have recently used reinforcement learning to optimize energy storage systems in smart grids. For example, Liu et al. (2020) proposed a reinforcement learning-based algorithm for optimizing energy storage scheduling in microgrids. Wang and Hong (2020) used a deep reinforcement learning algorithm to optimize the operation of energy storage in renewable energy systems. These studies demonstrate that reinforcement learning can effectively optimize energy storage systems in smart grids.
An energy storage scheduling algorithm based on deep reinforcement learning is at the heart of the research. The algorithm uses an intelligent agent to learn how to make decisions about storing and releasing energy for maximum economic efficiency and reliability. The algorithm’s input includes historical load data, energy prices, and weather forecasts. Based on these inputs, the agent learns how to make optimal decisions. During training, the agent interacts with the environment and continuously adjusts its policy to maximize cumulative reward. The algorithm takes a value-based approach, where a value function is used to assess the value of each state, and based on that value, the decision to store and release energy is made.
The study evaluates the algorithm’s performance by conducting simulation experiments in an experimental environment. The results show that the algorithm can significantly improve the efficiency and reliability of energy storage systems. Compared with traditional methods, the algorithm can reduce energy costs and improve energy usage efficiency. In addition, the algorithm can adapt to different environments and needs and has high practicability and adaptability.
2.2 Multi-objective optimization for energy storage systems
Multi-objective optimization is a powerful technique that can help find the best compromise between multiple conflicting goals Terlouw et al. (2019). In the context of smart grid energy storage systems, multiple objectives often need to be considered simultaneously, such as maximizing renewable energy, minimizing energy costs, and ensuring a reliable energy supply. Multi-objective optimization can be used to find the optimal trade-off between these objectives, resulting in more efficient and effective energy storage systems.
Several studies have used multi-objective optimization to optimize energy storage systems in smart grids. One such study by Li et al. (2018) proposed a multi-objective optimization model for energy storage dispatch in microgrids. The model considers several objectives, such as minimizing energy costs, maximizing the use of renewable energy, and ensuring a reliable energy supply. Another study by Yang et al. (2021) Uses a multi-objective optimization algorithm to design the capacity and configuration of energy storage systems in community microgrids. The study considered several goals: minimizing energy costs, reducing greenhouse gas emissions, and ensuring a reliable energy supply. These studies demonstrate that multi-objective optimization can effectively optimize energy storage systems in smart grids. By considering multiple objectives simultaneously, multi-objective optimization can help to find more efficient and effective energy storage systems to meet the needs of various stakeholders, including energy suppliers, consumers, and the environment.
2.3 Long short-term memory (LSTM) networks for energy storage optimization
A Long Short-Term Memory (LSTM) network is a neural network architecture designed for processing sequential data (Balakumar et al., 2023). The architecture of an LSTM network is based on the concept of a recurrent neural network (RNN), capable of processing sequential data by maintaining a state that is updated at each time step of the sequence.
Several recent studies have used LSTM networks to optimize energy storage systems in smart grids. One such study by Li F. et al. (2021a) Used LSTM-based models to predict building energy consumption and optimize energy storage dispatch. The model inputs historical energy consumption data and weather-related variables and outputs an optimal energy storage dispatch strategy for buildings. The study results show that the LSTM-based model can accurately predict energy consumption and optimize energy storage scheduling, thereby reducing energy costs. Another study by Zhao et al. (2022) Used LSTM-based models to predict wind power output and optimize energy storage operations in wind-solar-battery microgrids. The model takes historical wind and solar power generation output data and battery state-of-charge (SOC) data as input, and outputs an optimal battery charging and discharging strategy. The study found that the LSTM-based model could accurately predict wind power output and optimize battery operation, increasing renewable energy utilization and reducing energy costs. These studies demonstrate that LSTM networks can effectively predict energy consumption and optimize energy storage dispatch in smart grids. The ability of LSTM networks to process time series of data makes them a powerful tool for energy management and optimization in smart grids.
3 METHODOLOGY
In this section, we will introduce the method proposed in this paper in detail, first an overview of the method, and then introduce the CNN network, GRU network and attention mechanism used in this paper.
3.1 Overview of our network
In this paper, a CNN-GRU model based on the attention mechanism is proposed to predict the load and power price of the power system so as to formulate the optimal energy storage strategy and effectively solve the problems of missing historical data and complicated operation of previous deep learning models in long period sequences, while improving the accuracy of the prediction model, the flow chart of the model is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Overall flow chart of the model.
First, select the appropriate historical data input, then perform data preprocessing and normalization processing to make the operation speed of the CNN network faster. Then, the data enters the CNN network for feature extraction. Since the one-dimensional CNN network is selected here, it is more suitable For the time series prediction; after the flattening layer, the data is subjected to dimensionality reduction processing. After that, the data is subjected to the GRU layer for feature extraction and enters the attention layer. Weight distribution is performed through independent learning, the CNN-GUR structure is optimized, and finally, output predicted results Feng et al. (2022). The CNN-GRU-AM model consists of three parts: the CNN module, the GRU module, and the attention module. Each of the three components plays its advantage to complete the load and power price prediction of the power system. The overall structure of the model is shown in Figure 2.
[image: Figure 2]FIGURE 2 | Model architecture diagram.
3.2 CNN model
Convolutional Neural Network (CNN) is a neural network architecture widely used in computer vision tasks. CNN is a feed-forward neural network that consists of multiple convolutional, pooling, and fully-connected layers. The main feature of CNN is the ability to capture local features and spatial structures in images and to learn more abstract feature representations. This is achieved using convolutional layers, which convolve the input image with filters (kernels or feature detectors). The convolution operation can effectively reduce the number of network parameters and preserve the local information in the input image. Pooling layers are usually followed by convolutional layers, which can further reduce the size of feature maps and keep their essential features. Convolutional neural networks can be divided into one-dimensional CNN and multi-dimensional CNN according to dimension. One-dimensional CNN is mainly used to process time series data, while multi-dimensional CNN is primarily used to recognize text, image, and video data. Therefore, this paper uses one-dimensional CNN to process the time series of historical data of Smart Grid. Its model structure diagram is shown in Figure 3:
[image: Figure 3]FIGURE 3 | One-dimensional CNN network structure.
In Figure 3, we have established a network consisting of an input layer, a 2-layer 1D convolution, a 2-layer 1D max pooling, a flattening layer, and an output layer for the nonlinear and complex data characteristics of a one-dimensional time series. Dimensional CNN network Kattenborn et al. (2021). The convolutional layer is used to extract temporal features; ReLU is the activation function, and the highest pooling layer reduces the output dimension of the convolutional layer to extract the most significant features; the flattening layer converts the multi-dimensional feature vector into a one-dimensional feature vector, as Global feature extraction. CNN can effectively and automatically extract and learn nonlinear features of one-dimensional time series, which can remove time series features of different scales by alternately stacking convolutional layers and top pooling layers.
The formula of convolution is shown in Formula (1):
[image: image]
Where: g(i) is used to represent the i-th feature map, a is used to represent the input data, i is used to represent the first convolution kernel, b represents the bias, and x, y, z represents the three dimensions of the input.
After the convolution operation, the activation Li number is usually used to realize the nonlinear transformation, and RELU is used as the activation function in this paper.
[image: image]
Considering the one-dimensional characteristics of track data, this paper uses a one-dimensional convolutional neural network to process one-dimensional data. The convolution formula is shown in Formula (3):
[image: image]
The features of the financial time series are extracted in the form of a sliding window with a step size of l. The elements of all windows will be fused through the pooling layer to retain the main features of the time series. Then the output will be put into the next convolutional layer for further processing—extraction of high-dimensional features. The final result of the CNN module is obtained by flattening layers and fully connecting layers.
3.3 GRU model
A gated Recurrent Unit (GRU) (Li W. et al., 2021b) is a recurrent neural network (RNN) structure similar to long short-term memory (LSTM). Compared with LSTM, GRU has fewer parameters simpler structure, and the training efficiency of the model is higher, so it runs faster on some tasks and is an advanced variant of the LSTM model. GRUs are designed to alleviate the vanishing gradient problem when training long-term sequences. It has been widely used in natural language processing (NLP) tasks, such as language modeling, machine translation and text generation, and other modeling tasks of sequence data. The structure diagram of GRU is shown in Figure 4.
[image: Figure 4]FIGURE 4 | GRU structural unit.
Compared with the three gate structures of the input gate, output gate, and forget the entrance of the LSTM structure, the GRU structure only has two gate structures a reset gate and an update gate. The reset gate controls the influence of the hidden state of the last moment on the input of the current moment, and the update gate controls the power of the hidden state of the last moment on the output of the present moment. GRU also uses a candidate hidden form to compute the hidden state at the current moment.
The formula of the GRU model is as follows:
[image: image]
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In the formula: rt is the reset gate; zt is the update gate; xt is the input information; σ is the sigmoid activation function; ht−1 is the state of the hidden layer at the previous moment; σ is the sigmoid activation function; [image: image] is the input xt, and the previous hidden layer; f is the tanh activation function.
3.4 Attention mechanism
The attention mechanism is a mechanism that simulates the perception process of human vision or hearing, and its primary function is to select relevant information from the input data and assign it to the corresponding outputLi et al. (2023). In machine learning, attention mechanisms often process sequential data, such as natural language sentences or time series data. Attention mechanisms are widely used in natural language processing, especially machine translation tasks (Guo et al., 2022). It is considered one of the essential means to improve the performance of machine translation. At the same time, the attention mechanism has also been applied in image processing and speech recognition. Its structure diagram is shown inFigure 5.
[image: Figure 5]FIGURE 5 | Attention mechanism flowchart.
In natural language processing tasks, the attention mechanism can help the model focus on the part relevant to the current task in encoding the input. Typically, the input data is in sequences, such as sentences or paragraphs of text. During encoding, the model progressively reads each element in the series and generates the corresponding hidden state. On this basis, the attention mechanism can help the model pay attention to other factors related to the current element for better prediction and decision-making.
The formula of the attention mechanism is as follows:
[image: image]
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Where: [image: image] is the score of the feature vector. The larger the score, the greater the attention. ai is the weight value of the i th input feature in the attention mechanism, which also is the ratio of the score of the feature vector to the whole. Then all vectors are summed and averaged to get the final vector o.
This formula can be understood as selecting other elements related to the current component according to the query vector in encoding the input sequence and then performing the weighted average of their value vectors. This weighted average method can make the model pay more attention to the information related to the current task while ignoring the information irrelevant to the study, thereby improving the model’s performance.
4 EXPERIMENT
In this section, we will introduce our laboratory, firstly, the selection of data sets, followed by the experimental settings and results analysis and summary.
4.1 Datasets
The U.S. Energy Information Administration (EIA) is an independent statistical agency of the U.S. government that collects, analyzes, and publishes data, reports, and analyzes (Gao et al., 2022) on energy, electricity, and the environment. EIA is one of the nation’s leading energy intelligence agencies, and its data and analysis significantly impact the U.S. government, businesses, and the public. It aims to provide accurate and comprehensive energy information to support national energy decision-making and planning and reliable energy information to policymakers, industry, academia, and the public. EIA is responsible for collecting data on energy production, consumption, and transportation across the United States, and performing statistics and analysis on these data, generating various energy data reports and databases, analyzing and predicting energy trends: EIA uses the collected energy data to conduct various analyzes and forecasts, including energy prices, supply, and demand trends, environmental impacts, etc. EIA provides the government and the public with information about future energy trends; supports policy formulation: EIA’s data and analysis greatly influence the energy policy formulation of the U.S. federal government and state governments and can provide the government with a key basis for energy decision-making.
The European Power Exchange (EPEX) is one of the largest power exchanges in Europe, established in 2008 and headquartered in (Mahilong et al., 2022) in Brandenburg, Germany. EPEX is a trading platform created by merging power exchanges in several European countries, aiming to provide more efficient trading and clearing services for the entire European power market. In addition to providing trading and clearing services, EPEX is committed to providing reliable market data and analysis for the European electricity market. EPEX releases data such as real-time prices and trading volumes of the electricity market and various market analysis reports daily, providing an important decision-making basis for market participants. In short, EPEX is one of Europe’s largest electricity trading platforms, providing efficient, transparent, and secure trading and clearing services for the entire European electricity market and providing market participants with reliable market data and analysis.
The International Energy Agency (IEA) (Hattori et al., 2022) aims to promote the rational use of energy, energy security, and sustainable environmental development and provide support and advice for formulating and implementing global energy policies. The main task of the International Energy Agency is to provide member countries with support and advice on energy policy and technology and to promote the rational use and sustainable development of global energy. The International Energy Agency is an independent international organization dedicated to supporting and advising member countries on energy policy and technology to promote the rational use and sustainable development of global energy. The work of the International Energy Agency covers many energy fields and has great influence and importance.
China Electricity Council (Juárez Coronado, 2022) is one of the core trading platforms of China’s electricity market and an important part of China’s electricity market reform: market transparency and competitiveness. CNEE is one of the core trading platforms of China’s electricity market, undertaking functions such as electricity trading, market supervision, information release, and market analysis. The establishment and operation of CNEE will play an important role in promoting the reform of my country’s electricity market, promoting the optimal allocation and utilization of electricity resources, and improving the transparency and competitiveness of the electricity market.
We selected 15 indicators from these data as the input set for the model, as shown in Table 1.
TABLE 1 | Smart grid index classification table.
[image: Table 1]Impact of the model on the intensity of communication between electricity market participants:
1. The impact of the model on information collection and analysis: The CNN-GRU model based on the attention mechanism can better capture and analyze patterns and trends in historical data, thereby increasing the sensitivity of market participants to market changes. This will help facilitate the exchange of information among market participants, including information on trading strategies and risk management Górski (2023).
2. The impact of the model on information transmission and reception: By predicting future energy demand and renewable energy generation, the CNN-GRU model based on the attention mechanism can help market participants better plan and coordinate their trading behavior Zhao et al. (2023). This will help facilitate the transfer and receipt of information between market participants, including information on the execution of orders and trades.
3. The impact of technical diversity on information exchange: Besides the CNN-GRU model based on the attention mechanism, other models and technologies can be used to predict information, such as energy demand and production. These different models and techniques may have different effects on the exchange of information among market participants. Therefore, this study could compare and analyze different models and techniques to assess their impact on information exchange.
4.2 Experimental details
In this paper, to test the performance of our model, we conduct several sets of experiments to compare the performance of our model. First, we conduct the inference time and training time comparison experiments to test the basic performance of our model and the accuracy of the model to predict the load and price of the power system, which is an important criterion to test the performance of the model, for this purpose, we will conduct several sets of experiments to compare the prediction accuracy of different models and our model on different data sets, and the prediction ability of the same data set with different levels of complexity. For this purpose, we will conduct several experiments to compare the prediction accuracy of different models and our model on different data sets and the prediction ability of data of different complexity in the same data set. Then we also compare the number of parameters and operations between different models. We also conduct a comparison between AUCs to test the performance of our model.
4.3 Experimental results and analysis
In Figure 6, we compare the inference time of LR, CNN-GRU, KVM, SVM, GRU, Liu et al., Alegria et al. (2013); Rostampour et al. (2019) and our model for a total of 11 models with the different numbers of inferences. However, as the number of inferences keeps increasing, the advantage of our model in terms of computing speed becomes more and more obvious, which is due to the attention mechanism that can autonomously learn to assign weights and give more attention to more important data features, so that the deep learning model has the more computational power to compute these more important features, thus increasing the inference speed of the model.
[image: Figure 6]FIGURE 6 | Comparison of inference time of different models. (A) corresponds to Dataset 1 from the EIA dataset, (B) corresponds to Dataset 2 from the EPEX dataset, (C) corresponds to Dataset 3 from the IEA dataset, and (D) corresponds to Dataset 4 from the CNEE dataset.
In Figure 7, we compare the training time of LR, CNN-LSTM Wu et al. (2021), KVM, SVM, GRU Chi and Chu (2021), Liu et al. (Faraji et al., 2022); Alegria et al. (2013); Rostampour et al. (2019) models, and our model in one dataset with different complexity levels, because the structure of GRU is simpler compared to LSTM, so its operation speed is faster and its training time is also faster. Our model incorporates an attention mechanism to allocate the number of operations better, and therefore, its Sunlen time is also better than the standard GRU model.
[image: Figure 7]FIGURE 7 | Comparison of inference time of different models. (A) corresponds to Dataset 1 from the EIA dataset, (B) corresponds to Dataset 2 from the EPEX dataset, (C) corresponds to Dataset 3 from the IEA dataset, and (D) corresponds to Dataset 4 from the CNEE dataset.
In Figure 8, since the data for load and power price forecasting of power systems are always nonlinear and complex, the prediction accuracy for complex data is one of the important indicators of credit risk forecasting models. As shown in the figure, we compare the prediction accuracy of different models and our model on data sets with different levels of complexity.
[image: Figure 8]FIGURE 8 | Accuracy comparison of different models.
In Figure 9, we compare the magnitude of the operations of different models. We can see that for the LSTM model (Li et al., 2023), the operation speed is lower due to the good improvements made by the GRU model. Still, when comparing the traditional LR logistic regression model (Zhu et al., 2016), the operations are lower than ours because the data input to the LR model has generally been preprocessed. Still, the LR logistic regression model cannot perform nonlinear data prediction, so the performance of our model is better than the other models from an overall perspective.
[image: Figure 9]FIGURE 9 | Comparison of inference time of different models. (A) corresponds to Dataset 1 from the EIA dataset, (B) corresponds to Dataset 2 from the EPEX dataset, (C) corresponds to Dataset 3 from the IEA dataset, and (D) corresponds to Dataset 4 from the CNEE dataset.
For example, process 1 is the operation process of our model. First, use the CNN network to extract features from historical data, input the output results into the GRU network, and then introduce the attention mechanism to improve the model’s performance.
Algorithm 1. : An algorithm with caption.
Data: EIA, EPEX, IEA, CNEE input: The train D, the dataset for transfer learning DT, the parameters θ, Value = b, Query = a
output: The trained CNN-GRU ModelOurs
Random initialization W,b; while The error rate of the neurat network model on the vatidation set v no longer decreases do
for epoch in iterationsdo
Query = f (θnow); if Valuenow < Valuei then
θi = θt;
Queryt = Queryt−1; end
end
θnow = Adam (θnow, DT); end
Load the best model with b;
Return the trained model ModelOurs
In Figure 10, to further compare the performance of our model, we also compared the parameters of CNN-GRU (Faraji et al., 2022), SVM (Yao et al., 2022), KMV (Li et al., 2016), and our model. The results show that due to the feature extraction of the CNN module and the unique dual structure of the GRU module, and the attention mechanism introduced, our model, compared with the other three models, has a significant reduction in the number of parameters and improves the performance of the model.
[image: Figure 10]FIGURE 10 | Comparison of inference time of different models. (A) corresponds to Dataset 1 from the EIA dataset, (B) corresponds to Dataset 2 from the EPEX dataset, (C) corresponds to Dataset 3 from the IEA dataset, and (D) corresponds to Dataset 4 from the CNEE dataset.
In Figure 11, to verify the generalizability of our model, we separately U.S. Energy Information Administration (EIA): the EIA provides historical load and electricity price data for the U.S. electricity market; these data are available from the EIA’s website; European Power Exchange (EPEX): the EPEX provides historical load and electricity price data for the European electricity market; International Energy Agency (IEA): IEA provides historical load and electricity price data for the global electricity market. China Electricity Exchange (CNEE): CNEE provides historical load and electricity price data of China’s electricity market. Recall and AUC comparisons are made on four datasets, and the results show that our model is more accurate in predicting the load and electricity price of the power system than the other models in the four different datasets, showing good applicability to both linear and nonlinear data.
[image: Figure 11]FIGURE 11 | Forecast accuracy comparison of different models on different datasets (Dataset1 from US Energy Information Administration (EIA), Dataset2 from European Power Exchange (EPEX); Dataset3 from International Energy Agency (IEA); Dataset4 from China Electricity Exchange (CNEE)).
In Figure 12, to further verify the prediction accuracy of our model, AUC was made between our model and the LSTM model, and the data in the Diane database was selected as the data. The results show that the ACU value of our model is better than that of the LSTM model. We can further test the predictive ability of our model.
[image: Figure 12]FIGURE 12 | Compared with the AUC of LSTM model.
In Figure 13, to compare the operational stability of the models, we compare the population stability index (PSI), an index used to assess the stability of two samples for different models with a different numbers of inferences. PSI is often used to assess the stability of the performance of a risk model over time or across different data sets. It is usually considered that if the PSI is less than 0.1, it indicates that the difference between the two samples is acceptable; if the PSI is greater than 0.25, it indicates that the difference between the two samples is large and the performance stability of the model may need to be reassessed. Our model maintains good stability in a larger number of inferences.
[image: Figure 13]FIGURE 13 | Inference time comparison of different models. (A) corresponds to Dataset 1 from the EIA dataset, (B) corresponds to Dataset 2 from the EPEX dataset, (C) corresponds to Dataset 3 from the IEA dataset, and (D) corresponds to Dataset 4 from the CNEE dataset.
In Table 2, we summarize the prediction accuracy, parameter amount, and calculation amount of the eight models mentioned above so that we can compare the performance of our models more intuitively. We can show that our models, in these aspects, have good performance.
TABLE 2 | Summary comparison of different models.
[image: Table 2]5 DISCUSSION AND LIMITATIONS
In this paper, we propose a CNN-GRU model based on an attention mechanism to investigate the optimization scheme of large-scale energy storage in a smart grid to effectively predict the load and power price of the power system and to develop the optimal energy storage strategy. At the same time, compared with other prediction models, the problem of missing historical data is effectively solved, and the model’s operational efficiency and prediction accuracy are improved. The GRU network is an excellent variant of LSTM, which can effectively perform long-time series prediction. The structure of GRU is simpler than the LSTM network, with an easier training process and faster operation rate. It thoroughly explores the smart grid’s large-scale energy storage optimization scheme.
However, our model still has some drawbacks; although the GRU network is used instead of the LSTM network, the complexity of the deep learning network still exists, and the computation speed is more complicated; In contrast, our model combines three modules, and the number of parameters has increased. In addition, the problem of missing historical data has been improved but has yet to solve completely. Subsequently, migration learning can be applied to optimize the model further.
6 CONCLUSION
With the increasing energy demand and environmental protection awareness, the smart grid large-scale energy storage optimization scheme is getting more and more attention. This scheme mainly realizes the regulation and optimization of the power system through energy storage technology and intelligent control means to improve the reliability, safety, and economy of the power system. Smart grid large-scale energy storage optimization scheme can realize the balance of power system load through energy storage technology, reduce the peak-valley difference of power system, relieve the pressure of power system, and improve the stability and reliability of power system; meanwhile, it can also realize the regulation and optimization of power system through energy storage technology, reduce the operation cost of power system, and improve the economy and benefit of power system; then it can also realize the regulation and optimization of power system through energy storage technology, reduce the operation cost of power system, and improve the economy and benefit of power system; then it can also realize the regulation and optimization of power system through Energy storage technology can be used to store and utilize renewable energy, promote the development and application of renewable energy, reduce energy consumption and carbon emissions, and help protect the environment and sustainable development; finally, the smart grid large-scale energy storage optimization program can realize the regulation and optimization of the power system through intelligent control means, promote energy transformation and upgrading, and promote the clean, low-carbon, efficient and intelligent development of energy. Therefore, the smart grid large-scale energy storage optimization program has an important significance.
In summary, our work can provide a better large-scale energy storage optimization scheme for smart grids, thus improving the reliability, safety, and economy of power systems, promoting the development of renewable energy, promoting energy transformation and upgrading, and making an individual contribution to the sustainable development of human beings.
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