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Demand response technologies can achieve the objective of optimizing resource allocation and ensuring efficient operation of the smart grid by motivating the energy users to change their power usage behavior. However, the increasing uncertainty of smart grid environment brings great challenges to the development of demand response technique. In this study, we build a long short-term memory (LSTM) network as a load forecasting model to predict user load data in order to obtain accurate consumption behavior of energy users. Then, we utilize a Stackelberg game model based on the load forecasting model to dynamically optimize the electricity prices set by power suppliers at different times, enhancing the efficiency of demand response between users and suppliers. Extensive simulation experiments demonstrate that the LSTM-based load forecasting model achieves an accuracy of up to 96.37% in predicting user load demand. And the game model reduces the overall expenditure of users by 30% compared with the general pricing model.
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1 INTRODUCTION
The concept of the smart grid stems from the idea of Advanced Metering Infrastructure (AMI). Its goal is to enhance demand-side management and energy efficiency and to construct a self-healing, reliable grid protection system capable of withstanding severe human-induced disruptions and potential natural disasters (Mahela et al., 2022). However, the rapid advancement of information technology has led the power industry and research institutions to reconsider and expand the initial vision of the smart grid, enabling the full utilization of information technology within smart grids (Orlando et al., 2022). Recently, the smart grid has evolved into a typical cyber-physical system (CPS), integrating electric power, information transmission, network security communication, and intelligent computing. It has established a clean, secure, efficient, and sustainable advanced energy delivery network (Gao et al., 2023). For instance, to reduce peak demand and smooth load curves, power suppliers can use the high-speed communication network of a smart grid to encourage specific users to reduce their load during peak periods using real-time pricing signals. This not only incentivizes users to participate in the grid regulation but also smooths the load curve, thereby improving the overall energy utilization rate (Trujillo and García Torres, 2022).
The smart grid with distributed power supply model greatly enhances the reliability and self-healing capabilities of power system, reducing the scope of power outages through self-healing responses (Jasim et al., 2023). In terms of economic benefits, the cost-to-benefit ratio of a smart grid is approximately 4:1–5:1 (Gellings et al., 2004). In addition to bringing substantial direct economic benefits to power companies, this saves a significant amount of energy, contributing to environmental protection and sustainable development in society. To achieve the aforementioned benefits and generate greater economic gains, it is necessary to invest more research effort in areas such as demand response and load supervision (Khan et al., 2023).
Load monitoring (LM) technology allows power suppliers to make predictions about user’s load usage and to learn about load usage patterns, which can be divided into intrusive and non-intrusive types based on the monitoring approach. Intrusive load monitoring requires the installation of measuring devices on each load, which leads to higher overall costs and lower usage frequency (Wang et al., 2020). Non-intrusive load monitoring, on the other hand, does not require installing measuring devices in each user’s home. Instead, the devices are installed at the power entry points of various centralized units to collect aggregated data. Subsequently, the aggregated energy loads are decomposed into individual energy loads, enabling a simple and effective way to forecast load operations and energy consumption (Abubakar et al., 2017).
In order to effectively encourage the participation of users in the electricity trading process, power suppliers often utilize demand response techniques to motivate the power users changing their inherent power consumption behavior by adopting certain incentives. The research efforts of demand response techniques can be divided into price-based and incentive-based. Price-based demand response techniques help power suppliers to learn autonomous pricing strategies to arrange loads of energy users (Liu et al., 2017). Tang et al. (2019) and Cheng et al. (2022) modelled the interaction strategies between power grid and energy users as a Stackelberg game model, in which the grid optimizes the price to maximize its net profit and reduce demand fluctuation, and individual energy user optimizes the hourly power demand to minimize electricity bill and effects of demand alternation from the baseline. Sofana Reka and Ramesh (2016) utilized a generalized tit for tat dominant game-based energy scheduler to shift the peak average ratio of the smart grid. While, incentive-based demand response techniques enable power suppliers to learn an economic compensation mechanism to encourage energy users reducing their peak-periods loads (Zheng et al., 2022). For instance, Mansouri et al. (2023) proposes a three-layer risk-averse game theoretic-based strategy to coordinate smart buildings and EV fleets with microgrids scheduling. In the first layer of above strategy, a demand response program is designed for smart buildings where dynamic incentive tariffs are calculated based on the consumption pattern of subscribers.
Although demand response techniques have been widely deployed in addressing the resource allocation problem of smart grid (Sivasankarareddy et al., 2021; Panda et al., 2022). However, there remaining some obstacles that prevent above methods from implementing in realistic scenarios. 1) The increasing uncertainty of users loads brings great challenges to the establishment of accurate optimization model, resulting in the inefficiency of demand response strategies. 2) Existing game model-based demand response strategies lack the theoretical analysis of Nash equilibrium. Differently, this paper investigates a demand response model integrates load monitoring technology. In this demand response model, the interaction between power suppliers and users is modeled using game theory. Each power supplier dynamically adjusts its price signal based on the user’s demand, while users passively respond to the price signal by submitting their demand signals, ultimately maximizing the utility of user and profit of power supplier. The main contributions are as follows:
• This paper employs LSTM networks as the load forecasting model to predict user load data based on the load forecasting model and demand response theory. The LSTM network, with its memory units, can effectively capture historical load data and learn the periodic patterns in user load data.
• This paper designs a demand response model based on Stackelberg game theory, utilizing the load prediction results from the load forecasting model. This model accurately represents the complex demand response interaction between users and power suppliers in the smart grid. Mathematical derivations demonstrate that the entire interaction process can reach a Nash equilibrium, which can maximize the utility of both parties.
• This paper presents extensive simulation experiments to demonstrate the effectiveness of both the load forecasting model and demand response model. Simulation results prove that the LSTM-based load forecasting model can achieve up to 96.37% accuracy in load demand prediction for users. And the proposed game model can significantly reduce users’ electricity expenses.
The main notations utilized in this paper are summarized in Table 1.
TABLE 1 | Main notations.
[image: Table 1]2 RELATED WORK
2.1 Research status of load monitoring models in smart grids
Load supervision is a key technology that predicts future energy demand based on historical load data, temperature data, and weather data. The prediction of future demand from load supervision is a critical parameter for the operation and planning of a power system. Errors between the predictive model and the actual parameters can lead to increased operational costs and later increased costs for power suppliers. Hence, many load supervision models have been proposed to achieve more precise load demand prediction. Current research on load supervision models by scholars worldwide can be classified into two categories: models based on probability and statistics and models based on artificial intelligence.
Regarding probabilistic-statistical models (Huang and Shih, 2003), presents a variety of statistical models. These include the autoregressive model (AR), moving average model (MA), autoregressive moving average model (ARMA), and autoregressive integrated moving average model (ARIMA), with detailed explanations of each model’s mathematical expression and prediction methods. Hermias et al. (2017) uses an ARIMA model to predict future air-conditioning load based on seasonal component compensation. Alhmoud and Nawafleh (2021) used ARMA method and two neural network-based methods to predict the load data. Through simulation, it was demonstrated that the neural network approach could effectively improve the prediction accuracy. Among artificial intelligence-based load supervision models, Walther et al. (2019) proposed a very short-term load data predictor based on machine learning. It simply used a single-step delay, taking only the current value and time load data of the single-step delay as input to predict future load data. Mocanu et al. (2016) aimed to improve the design of power infrastructure and the effective deployment of distributed and renewable energy sources by predicting the electricity consumption patterns in power systems through a deep learning network, thereby enhancing the electricity efficiency of the entire power system. The authors creatively proposed the conditional restricted Boltzmann machine (CRBM) and factor conditional restricted Boltzmann machine (FCRBM) models to predict data and validated their accuracy through simulation experiments. Afrasiabi et al. (2020) mainly proposed a hybrid predictive model based on convolution neural networks to predict residential power load curves. By predicting the loads of individual users, the power supply system can better monitor electricity usage habits, thus achieving better load scheduling.
2.2 Research status of demand response technology in smart grids
Compared with traditional power grids, the advantage of smart grids is that they can significantly improve the reliability of the entire power system and the responsiveness of users and can encourage users to participate more actively in energy trading decisions. Therefore, all scheduling and incentives on the demand side, including overall demand response management, are integral parts of the smart grid. Current demand response mechanisms can be divided into two categories: one is based on user incentive mechanisms, and the other is based on power pricing mechanisms.
Gyamfi et al. (2013) studied different demand response mechanisms, such as time-of-use (TOU) pricing, peak pricing, and real-time pricing, and applied them to users in different countries and regions to measure their response rates to these mechanisms. This laid a solid foundation for later research on demand response theories. The results showed that a large portion of households did not respond to price changes, possibly because they did not understand the pricing system and therefore did not react immediately to price changes. Zhang et al. (2023) proposed a demand response algorithm based on bidding incentives. This algorithm used Vickrey-Clarke-Groves mechanism to optimize the choice of energy policies to find the strategy that maximizes the total profit of the energy service provider while satisfying the user’s minimum load power requirements. Trujillo and García Torres (2022) proposed a multi-stage control system to manage the electric vehicle users’ demand, automatically adjust the load, and optimize the entire system using a stochastic optimization algorithm. This study provided the best demand response solutions for users by comparing various strategies based on pricing mechanism and incentive mechanism. Bokkisam et al. (2022) proposed a peer-to-peer demand transactive system. In this algorithm, the smart grid was divided into three agents: users, auctioneer, and utility. To consider the balance of user benefits, load demand, and energy supply, the third-party agent demonstrated method and blockchain-based method were tested. The optimal real-time demand allocation results was obtained through simulation experiments.
In summary, based on the current research status worldwide, the problem of demand response models based on load supervision in smart grids is a frontier issue that crosses multiple fields. Although many theories and results have been obtained in various fields, better integrating load supervision methods with demand response models to ensure the stability of overall system operation while achieving satisfactory returns between users and power suppliers is a subject that urgently needs to be studied.
3 PRELIMINARIES
3.1 System model
The model of the game demand response strategy based on load demand forecasting studied in this paper includes two main entities: the power supplier and the users. Within the energy management unit, there are multiple power suppliers, each with varying capacities due to their different scales. However, each power supplier can independently supply electric power to users. Compared to the centralized power supply of traditional grids, this distributed power supply from multiple suppliers greatly enhances the stability and robustness of the entire power system. Each power supplier, constrained by its capacity and costs, sets real-time prices at each moment, resulting in different prices among suppliers. Users can choose to purchase electric power from the supplier that maximizes their own utility based on their load usage habits.
In the demand response strategy, the power suppliers first use the trained load demand prediction model to forecast the future load demand of each user. They then issue an initial electricity price signal to the users based on the predicted load demand. During this process, the prices set by each supplier differ based on the users’ load demand and the suppliers’ capacities and costs. Upon receiving the price signal, users calculate the optimal energy demand from different suppliers based on their maximum energy cost expenditure and a utility optimization function. They then send the demand signals to the respective suppliers. Each supplier receives the energy demand purchased by users, and being rational and self-interested, adjusts its electricity price information to maximize its own revenue. This forms a non-cooperative game model among the power suppliers. This entire demand response process continues until the system reaches a Nash equilibrium. At equilibrium, no power supplier can increase its revenue by unilaterally changing its price information.
3.2 Game theory approach
Game theory is a formal analytical framework that studies complex interactions among independent rational players using specific mathematical representations and derives the optimal strategies of the players based on individual rational behavior. Over the decades, game theory has been widely applied in various disciplines, ranging from economics and political science to psychology, achieving significant progress across different fields. In today’s large-scale smart grid systems and various cyber-physical systems (CPSs), complex interactions often exist among multiple intelligent nodes. To achieve better interactions between power suppliers and users, the framework of game theory has become an important theoretical analysis tool and has been widely applied in practical optimization scenarios (Cheng and Yu, 2019). Game models typically consist of three elements: players [image: image], decision sets [image: image], and utility functions [image: image]. In the entire non-cooperative static game process, each decision maker i aims to select a decision process [image: image] from their decision set [image: image] to maximize their own utility function Ui(ai, a − i). However, the utility function of a user depends not only on their own decision ai but also on the decisions a−i of participants other than user i. As each user seeks to maximize their own utility, a game model is formed accordingly.
The aforementioned game model can be applied to demand response management in smart grids. A smart grid system has [image: image] users and multiple power suppliers. In a given period h, the total load consumption of all users in the system can be represented as [image: image], where [image: image] represents the load consumption of user i at time h. When users consume electricity, power suppliers bear costs associated with electricity production and transmission. The overall costs can be represented by a cost function Ch = ∑i∈NCh(Lh), where the cost function is a strictly increasing convex function with the user’s load consumption as the independent variable. When the load consumption of users at a certain time is higher, the value of the cost function also increases. Therefore, power suppliers determine the electricity price at time h based on the magnitude of the cost function. A larger cost function indicates higher costs, resulting in a higher electricity price being set, and vice versa. The size of the cost function mainly depends on the consumption Lh at that time. When a user participating in scheduling changes their load consumption, it affects the current consumption Lh, which in turn influences the power supplier’s setting of the electricity price through Ch. In other words, in each period, users can influence the electricity price of the entire system by scheduling their own loads. The less load consumption in the system, the lower the power supplier will set the electricity price, and the more load consumption in the system, the higher the power supplier will set the electricity price. If each user wants a lower electricity price when using their load, a game model arises. The participants are all the users N involved in scheduling, the decision set is the load consumption lh of each user at a certain time, and the utility function represents each user’s desire to maximize their own utility through the scheduling of their load. When the entire game model reaches a Nash equilibrium, no user in the system can improve their own utility simply by changing their load consumption decision, resulting in an equilibrium state for the entire system.
4 LOAD SUPERVISION METHOD BASED ON AN LSTM NETWORK
In recent years, the rapid development of information technology has led to the widespread application of smart grids. In a smart grid, the integration of various renewable energy supply nodes, electric vehicle nodes, and user access nodes significantly increases the complexity and instability of the entire system. Undoubtedly, compared to the centralized energy supply in traditional grids, the access of various distributed nodes in smart grids poses unprecedented challenges to system stability. To address this issue, load supervision technology has been widely applied in practical projects. Through load supervision technology, it is possible to assist in demand response and achieve the transfer of peak demand, thereby improving the overall stability of the system. In the field of load supervision, deep learning techniques have begun to be widely used. Deep learning utilizes multilayer neural connections to extract features from input data. Compared to traditional machine learning algorithms, deep learning greatly improves the accuracy of models and enhances prediction accuracy through stacking layers and increasing the number of neurons.
4.1 LSTM network
Although classical feedforward fully connected neural networks work well for traditional data classification and regression problems, they face challenges when dealing with continuous sequential data such as time series load data and speech data. This is because sequential data have inherent order dependencies, and it is not straightforward to split these time series data into independent training samples to train a traditional feedforward neural network. Therefore, to consider the sequential nature of the data during training, adjustments need to be made to the structure of the traditional feedforward neural network by introducing memory units, giving rise to RNNs. Long short-term memory (LSTM) networks are a type of neural network architecture proposed to address the issue of vanishing gradients in RNNs (Cai et al., 2022). Compared to traditional RNN architectures, LSTM incorporates dedicated memory modules to retain previous information. In terms of the update mechanism, LSTM does not directly overwrite the information in the memory unit with the sequence information obtained at the previous time step. Instead, it accumulates information over time, ensuring the retention of information from much earlier sequences. Figure 1 represents a basic LSTM unit, which includes three crucial gate structures: the input gate, the output gate, and the forget gate. The input gate determines whether the current information xt should be stored in memory cell st. The output gate determines whether the current information in memory cell st should be output as the current output ht. The forget gate controls how much information from the previous memory cell st−1 should be stored in the current memory cell st.
[image: Figure 1]FIGURE 1 | LSTM network unit structure.
4.2 Construction of a load monitoring model based on an LSTM network
4.2.1 Load data analysis
After obtaining the load consumption data, the first step is to perform data cleaning, which includes handling outliers and missing values in the data. Then, the correlation between different features needs to be examined. Since the dataset in this study has many features, using all of them as training data would result in an excessively high dimensionality of the training dataset. Moreover, for time series data, when constructing the supervised model data, a certain time step delay is applied, which further increases the number of features, leading to a significant computational burden and prolonged training time. Therefore, to address this issue, it is necessary to eliminate some highly correlated feature attributes through correlation analysis, aiming to improve training speed without compromising model accuracy.
Through correlation analysis, it is found that there is a strong correlation between various features. In this study, temperature and humidity are selected as the training data features (Chen et al., 2021). Additionally, since user load consumption is often related to user behavior patterns, with lower consumption during weekdays and higher consumption during weekends, this study uses an additional feature to represent whether the current date is a weekend in training the model.
4.2.2 Load supervision model framework
The load supervision model is primarily built using LSTM networks and trained with the historical load data obtained in the previous section.
The construction steps of the entire model are as follows:
1) Encode the vector data W indicating whether it is a working day, where 1 represents a working day and 0 represents a weekend.
2) Normalize the load data L, temperature data T, and humidity data H, and then concatenate these vectors to form the input matrix X = {T, H, W, L}.
3) Transform the preprocessed time series data X into data suitable for supervised learning based on the designated time step K. By using a sliding window approach, the input matrix X is shifted with a step size.
4) Input the matrix X into the LSTM network for model training.
The framework of the entire model is shown in Figure 2.
[image: Figure 2]FIGURE 2 | Load supervision model framework.
5 DEMAND RESPONSE METHODS BASED ON GAME THEORY
In traditional demand response models, due to the complex interaction between users and the power supply side, the optimization process often only considers one side of the demand response. For instance, when considering the maximization of user welfare, the maximization of the power supply side’s benefits is not included. To model the complex interaction process between multiple users and multiple power suppliers in the demand response, this section studies a model based on a Stackelberg game as shown in Figure 3. First, each power supplier predicts the future load demand of users using the load demand prediction model proposed in the previous section and determines the initial electricity price based on the current load demand and its own power supply. Then, each user compares the price signals provided by all power suppliers to maximize their own benefits, purchases electricity from different power suppliers according to their own electricity usage habits, and synchronizes the demand information in real time to the designated power supplier. Finally, the power supplier updates its price signal based on the user’s purchased demand and the price signals of the other power suppliers.
[image: Figure 3]FIGURE 3 | Demand response system model.
In the entire demand response model, [image: image] represents the number of users, and [image: image] represents the number of power suppliers. The entire system model is shown in Figure 3. The power supply side of this model includes the connection of various renewable and non-renewable energy suppliers. Non-renewable energy includes various fossil fuels, which produce relatively stable electricity and can continuously output electricity. However, due to the pollution caused by the combustion of such fuels and their non-renewable nature, an increasing amount of renewable clean energy is connected to the grid. On the user side, various types of users, such as residential users, industrial users, and commercial users, are distinguished by their set load demand limits. When modeling power suppliers and users, users express the utility value obtained after consuming electricity through a utility function, and power suppliers express the profit obtained after selling electricity through a profit function. The communication between the two parties is carried out through the two-way communication network, where each power supplier sends its price signal to the users in real time, and the users respond to the demand signal of the power supplier considering the maximization of their own utility after receiving different price signals.
The entire interaction process of the demand response model constitutes a Stackelberg game. In this game process, the power supplier, as a leader, sends the real-time price signal to the followers first, while the user, as a follower, optimizes their load demand allocation according to the price signal issued by the leader. Therefore, the entire game process can be seen as a game of electricity prices among various power suppliers. The power suppliers set their own electricity prices according to the amount of user loads and the price levels of other power suppliers, while the users passively respond, maximizing their own utility functions through the real-time price signals issued by the power suppliers.
5.1 User-side mathematical model
The entire system architecture involves multiple users and multiple power suppliers, where each user [image: image] selects the amount of electricity purchased dn,k ≥ 0 according to the price signal released by each power supplier [image: image] at each unit time. The unit time is set to 30 min, and the user’s energy demand purchase volume maximizes the utility function under the premise of satisfying its own cost budget. In this article, the utility functions of users at the unit time can be represented as:
[image: image]
where γn > 0 and βn ≥ 1 are both constant coefficients. These coefficients ensure that when the user does not purchase electricity from any power supplier, that is, when dn = 0, the value of the formula [image: image] will not reach −∞. In Eq. 1, the user’s utility is modeled through a logarithmic function (Wang et al., 2021).
The user’s goal is to maximize their utility function while first satisfying their own budget by determining their electricity demand purchases based on their own electricity consumption habits and the prices of different power suppliers. The optimization function can be expressed as:
[image: image]
where pk represents the real-time unit power price provided by power supplier k and Bn represents the maximum electricity expenditure that user n can afford. The optimization process on the user side does not involve a game between users; they only passively accept the price signals provided by the power supplier to maximize their utility functions. Each user’s decision can be considered as being made independently.
To understand the energy demand optimization process on the user side more clearly, this article first assumes a general situation: there are only N users and three power suppliers in the demand response management system. After careful analysis of the general situation, the conclusion is extended to [image: image] power suppliers. When there are only three power suppliers in the system, the optimization problem can be expressed as:
[image: image]
Introducing the Lagrange multipliers λn,1, λn,2, λn,3, λn,4, the optimization problem with inequality constraints is represented by a Lagrange function as follows:
[image: image]
The KKT conditions are:
[image: image]
[image: image]
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When the utility function is maximized, the first derivative of Eq. 4 needs to be zero; that is, [image: image]. The partial derivative of Eq. 4 can be obtained as:
[image: image]
To determine the optimal amount of energy for each user to purchase from each power supplier at this time, the amount of electrical energy purchased by users from each power supplier needs to be considered in categories:
1) When dn,1 > 0, dn,2 > 0, dn,3 > 0:
Through Eqs 6–8, we can derive λn,2 = λn,3 = λn,4 = 0. Substituting λn,2, λn,3, and λn,4 into Eq. 12, we obtain:
[image: image]
Substituting Eq. 13 into Eq. 5, we can solve for:
[image: image]
Finally, by substituting Eq. 14 into Eq. 13, we can solve for the amount of electricity each user purchases from each power supplier:
[image: image]
2) When dn,1 > 0, dn,2 = 0, dn,3 = 0:
Through Eq. 6, we can obtain λn,2 = 0. Substituting λn,2 = 0 into Eq. 12, we obtain:
[image: image]
Substituting Eq. 16 into Eq. 5, we can obtain:
[image: image]
According to λn,1 > 0 in the KKT condition, (γn/λn,1) − βnp1 − Bn = 0 can be obtained. Therefore, the solved λn,1 can be brought into Eq. 16 to obtain:
[image: image]
From dn,2 = dn,3 = 0, we can obtain Bn = βn(2p3 − p1 − p2) = βn(2p2 − p1 − p3). Substituting this into Eq. 18, we can finally obtain:
[image: image]
3) When dn,1 = 0, dn,2 > 0, dn,3 = 0:
Similarly, we can solve to obtain:
[image: image]
4) When dn,1 = 0, dn,2 = 0, dn,3 > 0:
The solution for dn,3 is:
[image: image]
5) When dn,1 = 0, dn,2 = 0, dn,3 = 0:
In this scenario, users do not purchase electricity from any power provider. From Equation 5, we can deduce that Bn = 0, meaning that the user’s electricity expenditure budget is 0. This situation is not within the scope of this paper.
Therefore, using Eqs 15, 19–21, the user’s demand for each power provider can be generalized to scenarios where there are [image: image] power providers. The optimal demand for each power provider is:
[image: image]
From Eq. 22, we can see that the amount of electricity dn,k that user n purchases from a specific power provider k is to maximize their own utility function depends on the real-time electricity price pk currently offered by power provider k, as well as the electricity prices offered by other power providers [image: image]. Having obtained the expression for the amount of electricity that each user purchases from each power provider, we introduce [image: image] to represent the amount of electricity each user needs to meet their basic daily needs, which needs to satisfy:
[image: image]
Substituting Eq. 22 into Eq. 23, we find that each user’s electricity expenditure needs to satisfy:
[image: image]
where Eq. 24 represents that the user’s electricity expenditure is related to the price set by each power provider and the user’s minimum energy demand. Above value can be used as a baseline to test whether the user’s expenditure will decrease after the demand response.
5.2 Power-supply-side mathematical model
In the game-based model considered in this paper, the price setting of a power provider is related not only to the electricity expenditure set by each user but also to the prices set by other power providers. The utility function of a power provider is expressed as:
[image: image]
where p−k represents the electricity prices set by power providers other than k.
The goal of each power provider is to maximize its profit after selling electricity under the constraint of its own production capacity. Therefore, the optimization function for each power provider can be expressed as:
[image: image]
where Gk represents the maximum production capacity of each power provider. The energy demand provided for all users cannot exceed this value. In the process of selling electricity, the more electricity the power provider sells, the more profit it will obtain. Therefore, the constraint on energy sales can be converted to the equation [image: image]. At this time, the power provider’s profit is maximized. We construct the Lagrange function as:
[image: image]
When the power provider obtains the optimal price setting, [image: image]. Since dn,k is a function containing the variable pk, after substituting Eq. 22 into Eq. 27, the derivative can be obtained as:
[image: image]
[image: image]
where Eq. 29 is a simplified form of Eq. 28. [image: image] and [image: image].
For each power provider, Eq. 29 provides a constraint equation. Combined with [image: image], we can obtain:
[image: image]
From Eq. 30, we can deduce that the real-time price of each power supplier depends both on its own capacity Gk and the electricity prices set by other power suppliers. When there is only one power supplier in the entire demand response system, i.e., K = 1, there is no game between power suppliers, and the optimal price set by the power supplier is p1 = B/G1, which only depends on the users’ electricity expenditure budget and the supplier’s own capacity. Therefore, this article considers the case of K ≥ 2; that is, there is a price game between each power supplier, and every user sets real-time electricity prices to maximize their own profit. However, the main problem in the process of solving Eq. 30 is that the solution of pk is related to the prices of other power suppliers, and the calculation of the prices of other power suppliers depends on pk. The entire price calculation process falls into a vicious cycle. To solve this problem, we can substitute the price of each power supplier into Eq. 30, thus converting the calculation of the supplier’s price into a function of the capacities of each power supplier:
[image: image]
In the previous subsection, the optimal demand quantity for each user to purchase from each power supplier was obtained from Eq. 22. To satisfy the requirement that the electricity purchase quantity is dn,k ≥ 0 from any user [image: image] to any power supplier [image: image] in the system, the following equation must be satisfied:
[image: image]
When the demand for each power supplier from the user meets dn,k ≥ 0, the price of the power supplier also needs to meet:
[image: image]
Therefore, when the power supplier sets its own real-time electricity price, to ensure that the demand of each user from each power supplier meets dn,k ≥ 0, each power supplier must first satisfy Eq. 33 when setting the real-time price. The solution obtained through the Lagrange function in the previous section, Eq. 30, can be proven to meet this condition.
The following will prove that each power supplier’s real-time electricity price, obtained through Eq. 30, can maximize each supplier’s utility function and is the best response to each user.
Proof. First, assume that pk is the power price set by supplier k obtained through Eq. 30. Then, if supplier k increases or decreases this price, it can obtain [image: image], while the prices of the other suppliers are not adjusted.Then, the amount of electric energy each user buys from supplier k becomes:
[image: image]
Compared with the case when the price of supplier k is not adjusted, the difference in the amount of electricity each user buys from supplier k is:
[image: image]
According to Eq. 35, when the electricity price set by supplier k rises, that is, [image: image], we have [image: image]. This shows that when the price rises, the user’s demand for electricity from the supplier decreases. When the electricity price set by supplier k drops, we have [image: image], and the user’s demand for electricity from the supplier increases.After the supplier’s price adjustment, the difference in the utility function compared to when it is not adjusted is:
[image: image]
According to Eq. 36, when the supplier’s price rises, that is, ϵk > 0, and Z − ZK < 0, we have [image: image]. This shows that when the supplier raises its price, the profit obtained will not increase but will be less than the profit obtained at the previously set price. When the supplier’s price drops, that is, ϵk < 0, although [image: image] at this time, due to the limit of the supplier’s capacity Gk, it is impossible for the supplier to sell sufficient electricity to make a profit after lowering the price.Therefore, it can ultimately be proven that the electricity price [image: image] set by the supplier through Eq. 30 can not only maximize its own profit function but is also the best response to user demand.
5.3 Power-supply-side game model
In the demand response model, the profits of each power supplier mainly come from the electricity expenditures of all users. The total budget for electricity consumption among all users is fixed; i.e., [image: image]. The profit obtained by each power supplier k depends on the volume of its electricity sales and the setting of the electricity price. If the electricity price is set reasonably, the profit obtained will account for a larger proportion of the total user expenditure, and vice versa. Therefore, when power supplier k changes its electricity price settings, it may increase or decrease the proportion of total user expenditures it has, thus initiating a non-cooperative game among power suppliers regarding price settings.
For the Stackelberg game model, the overall process is shown in Figure 4. First, the power suppliers compete to determine the price signals most advantageous to themselves. They then distribute these price signals to each user. The users, in turn, calculate their optimal demands for each power supplier based on these price signals and then publish these demand quantities to the designated power suppliers. Finally, the users update the prices based on these demand quantities until the price competition among power suppliers reaches a Nash equilibrium.
[image: Figure 4]FIGURE 4 | Game model.
Let [image: image] and [image: image] represent the strategy sets of power suppliers and users, respectively. For power suppliers, their strategy set mainly includes each power supplier’s price choice strategy, i.e., [image: image]. The users, being followers, have a strategy set that primarily passively responds to the price signals of power suppliers, i.e., [image: image]. Therefore, when the price competition among power suppliers reaches a Nash equilibrium, each power supplier’s price signal [image: image] satisfies:
[image: image]
where d(p⋆) represents the users’ best response to the power suppliers’ prices. As users are only responding passively, there exists a unique best response to the price signals of power suppliers; i.e., the users’ optimal response signals are calculated through Eq. 22.
Thus, it only needs to be proven that a unique equilibrium point exists in the price competition among power suppliers. When power suppliers compete in price, they mainly consider their utility function Uk(pk), which is a continuous concave function for any power supplier. This utility function, within a specified range, necessarily satisfies [image: image]. When ∂Uk/∂pk = 0, the obtained price signal can ensure that the power supplier’s utility function has a unique maximum point within the specified range, and this signal satisfies [image: image]. Therefore, this proves the uniqueness of the Nash equilibrium in the price competition among power suppliers.
6 SIMULATIONS
6.1 Experiment of user load data prediction
6.1.1 Dataset
The data used for training the load supervision model come from a publicly available load dataset provided by MIT. This dataset captures the household load data of multiple users from 10 July 2014 to 31 December 2016. The data were collected through smart meter devices, with samples taken every 15 min, and include twelve features, such as temperature, humidity, pressure, wind speed, and perceived temperature of the environment, as well as the current load consumption data of multiple users. The load data of the users are shown in Figure 5.
[image: Figure 5]FIGURE 5 | Load data for users: (A) user 1; (B) user 2.
6.1.2 Simulation of load supervision model parameters
In deep learning networks, it is challenging to determine the number of hidden layers and the number of neurons in each layer. There is no strict theoretical way of determining the optimal numbers of hidden layers and neurons in a network structure. Before determining the number of hidden layers, it should be understood that the role of the hidden layers is mainly to increase the non-linear fitting ability of the model. If the input data are linearly separable, then hidden layers are not necessary. However, for more complex sequential and speech data, it may be necessary to add more hidden layers to improve the model’s learning capability. Once the number of hidden layers has been determined, the most important issue is how to determine the number of neurons in each layer. If there are too few neurons in the hidden layer, it will cause underfitting. If there are too many neurons, it may lead to overfitting. Therefore, selecting an appropriate number of neurons is extremely important.
This paper determines the relationship between the prediction accuracy and training time of the model with different numbers of layers and neurons through experiments, as shown in Figure 6.
[image: Figure 6]FIGURE 6 | Impact of neuron quantity on prediction accuracy: (A) single-layer neural network; (B) two-layer neural network; (C) three-layer neural network; (D) four-layer neural network.
Figure 6 show that when using a three-layer neural network, the average prediction accuracy is the highest, and the average training time of the model is relatively low. When a four-layer neural network is used, the model enters a state of overfitting, results in the low overall prediction accuracy and the long training time. Besides, we can also observe from Figure 6 that the best prediction accuracy can be achieved when the numbers of neurons in each layer are (300, 150, 50).
6.1.3 Prediction results of user load
To speed up the model’s training time, the dataset is sampled every 30 min, reducing the scale of the training data. The overall flow of the training algorithm is to first divide the dataset that has not yet been trained into training, validation, and testing sets. Then, we set the number of layers and the number of neurons in each layer in the LSTM network of the load supervision model based on the model parameters from the previous subsection. Meanwhile, a dropout layer is added between each pair of layers to prevent overfitting. Finally, we specify the loss function for model training. Time series data delay steps of 1, 3, 5, 7, 10, and 15 days were selected for the load data prediction of user 1 and user 2. The delay step length refers to how many days of data are used to predict future load data. The longer the delay step length of the time series data, the more features will be obtained in the training data, allowing the model to better learn user behavior patterns. The results of user load data prediction are shown in Table 2.
TABLE 2 | User forecast accuracy.
[image: Table 2]For user 1, the highest prediction accuracy was achieved with a 10-day time series step delay, reaching 91.54%, higher than the 91.11% accuracy obtained with a 15-day time series step delay. The analysis shows that when training the model with a 15-day time series step delay, the number of features is significantly higher than that with a 10-day time series step delay. The trained prediction model should have a higher accuracy, but possibly because there are too many features, overfitting occurs, thus reducing the prediction accuracy on the test set. This can be prevented by setting the coefficient of the dropout layer, thereby improving the prediction accuracy of the model. For user 2, the highest prediction accuracy was achieved with a 15-day time series step delay, reaching 96.37%, and a lower prediction accuracy of 94.56% was achieved with a 7-day time series step delay. This indicates a significant difference in the power usage habits of user 2 on weekdays and weekends, resulting in a surge in load demand on the weekend and many jump points, thereby reducing the overall prediction accuracy. Generally, the LSTM-based load supervision model can achieve good prediction accuracy for future load demand.
6.2 Simulation and analysis of the demand response model
The optimization effect of the entire game model is studied by changing the user’s own electricity budget. In the experiment, the constant coefficients in the utility functions of all users are initially set to γn = 5, βn = 5. Then, 10 users and 4 suppliers are considered in the demand response model, with the electricity budgets for the users are set as B1 = 10, B2 = 15, B3 = 18, B4 = 20, B5 = 25, B6 = 28, B7 = 35, B8 = 40, B9 = 45, B10 = 50. The capacities of the suppliers at each moment are set as G1 = 10, G2 = 15, G3 = 20, G4 = 30. After predicting the future load demand of each user based on the load supervision model, the initial electricity prices of the suppliers are set as p1 = 1.5, p2 = 2.2, p3 = 2.5, p4 = 2.0.
Figure 7A represents the optimal electricity prices set by each power supplier after the game as user 1’s electricity budget continues to increase. As the user’s budget increases, the electricity prices set by each power supplier also increase. Because Power Supplier 1 has the least capacity, the real-time electricity price it sets is the highest. Figure 7B represents the demand curves for electricity for each user. As user 1’s electricity budget continues to increase, the purchased electricity also increases. Since the production capacity of all suppliers is fixed at any moment, this leads to a decrease in the energy demand of other users, manifested as a declining trend in their demand curves. Figure 7C shows the profit curve of each power supplier. From this figure, it can be seen that the income of the power suppliers does not show a positive correlation with the real-time set electricity price. In the electricity price curve, the price set by Power Supplier 1 is the highest, but its profit is the lowest among all suppliers. In contrast, Power Supplier 4, which sets the lowest price, obtains the highest profit due to its larger capacity. Figure 7D represents the utility function curves of users. Since user 1 purchased a large amount of electricity, their utility curve gradually increases, causing the utility curves of other users to decrease, which conforms to real-life scenarios.
[image: Figure 7]FIGURE 7 | Optimization results of the game model: (A) power supplier price; (B) user demand; (C) power supplier revenue; (D) user utility.
To verify whether the introduction of a large-capacity power supplier will affect the utility of users, Power Supplier 5 was added to the original experiment, and its power supply capacity was set as G5 = 100. Comparing Figure 8B and Figure 7D, it can be seen that when Power Supplier 5 is added, the utility of the users increases, indicating that the addition of Power Supplier 5 does not reduce the utility of the users. As shown in Figure 8A, it is almost impossible for a power supplier in the proposed game model to control prices by significantly increasing capacity; this will only lead to an overall excess capacity in the system, causing a decrease in the prices set by all power suppliers. Therefore, in the entire system model, the more capacity a power supplier has, the more the users’ utility will increase.
[image: Figure 8]FIGURE 8 | Optimization results of the game model after adding power supplier 5: (A) power supplier price; (B) user utility.
Finally, to further verify the application of the model in actual production, an analysis of user load data revealed that the load demand curves of all users exhibit a distinct regularity, reaching a peak at noon, followed by reduced consumption and an increase again in the evening. Therefore, we extracted a day’s energy consumption data and real-time electricity price information from the U.S. National Energy website. The dataset includes 2,000 users and 5 power suppliers. The energy consumption data of these users are used to verify whether the model can improve the utility of users. Figure 9 represents the energy consumption data of users at different times of the day. Figure 10 represents the prices set by the power suppliers after the game and the normal electricity prices set daily. Figure 11 shows that after adopting the real-time electricity prices calculated based on the game model, the overall expenditure of users decreases by 30% compared with traditional pricing model, indicating that when all power suppliers adopt real-time electricity prices calculated based on the game model, every user in the demand response model will gain substantial benefits.
[image: Figure 9]FIGURE 9 | Energy consumption curves.
[image: Figure 10]FIGURE 10 | Real-time electricity price curves.
[image: Figure 11]FIGURE 11 | User expenditure curves.
7 CONCLUSION
In this paper, we employ a long short-term memory (LSTM) network as a load forecasting model to predict user load data in a smart grid and utilize a Stackelberg game model based on the load forecasting model to reduce the overall expenditure of energy users. The main contribution of this paper can be summarized as follows:
1) This paper employs an LSTM network as a load supervision model to forecast users’ load data. The LSTM network integrates gate structures and memory units internally, enabling it to memorize historical data effectively and predict users’ cyclical demand behaviors.
2) Based on the load supervision model, this paper built a Stackelberg game model to optimize the optimal power prices set by the power supplier in real time at each moment, making the demand response between users and the power supplier more efficient. Specifically, the power supplier first sets the initial power prices according to the forecasted user demand and then adjusts its power prices in real time in response to user reactions and price competition with other power suppliers, achieving its maximum profit.
3) This paper compares the prediction accuracy of forecasting models with different layers and numbers of neurons through simulation experiments and obtains optimal model parameters. Results of comparing actual user data and the prediction output demonstrate that LSTM-based load forecasting model achieves an accuracy of up to 96.37%. Additionally, the game model reduces the overall expenditure of users by 30% compared with the general pricing model.
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