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Focusing on the low-carbon economic operation of an integrated energy system (IES), this paper proposes a novel energy-carbon pricing and energy management method to promote carbon emission reductions in the IES based on the carbon emission flow theory and reinforcement learning (RL) approach. Firstly, an energy-carbon integrated pricing model is proposed. The proposed pricing method charges prosumers by tracing the embedded carbon emissions of energy usages, and establishes an energy-carbon-prices relationship between the power grid, IES and prosumers. Secondly, an energy management model considering the energy-carbon integrated pricing strategy is established based on the Markov decision processes (MDP), including prosumers energy consumption cost model and energy service provider (ESP) profit model. Then, a solving method based on the RL approach is proposed. Finally, numerical results show that the proposed method can improve operation economy and reduce carbon emissions of IES. When carbon price accompanying electricity and thermal is considered in the process of pricing and energy management, the profit of ESP can be improved and the cost of prosumers can be reduced, and the total carbon emission of IES can be reduced by 5.75% compared with not considering carbon price.
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1 INTRODUCTION
In response to the challenges of global climate changes, the world is actively promoting low-carbon and clean energy systems. China is committed to achieve the carbon peak by 2030 and carbon neutral by 2060 (Liu and Niu, 2021). IES can exploit synergies among different energy forms (Li et al., 2023), which has been extensively recognized as an efficient way of reducing carbon emissions by promoting renewable energy absorption and energy cascading utilization (Su et al., 2021; Wei et al., 2021). In order to realize the low-carbon economic operation of the IES, it is necessary to consider carbon trading, carbon quota at the level of system operation optimization to reduce carbon emissions (Huang et al., 2022a). In addition, considering carbon emission factors in the energy interaction, especially in the energy pricing, is also an effective method to reduce carbon emissions from energy production and consumption (Huang Zhang, 2018; Wang et al., 2020a).
Carbon emissions can be incorporated into the system operation as the additional cost in the objective function or maximum allowable emissions in constraints. Based on this, there have been some studies on the low-carbon economic operation and energy management of IES. Literature Wang et al. (2020a) proposes a two-stage scheduling model to investigate environmental benefits of consumers participating in both electricity and carbon emission trading markets. Literature Wang et al. (2020b) proposes a two-stage low-carbon operation planning model based on a bilateral trading mechanism to mitigate carbon emissions. In Literature Gu et al. (2020), a bi-level optimal low-carbon economic dispatch model for an industrial park is proposed to optimize energy conversion equipment, and set reasonable energy selling prices. In Literature Xiang et al. (2021), a low-carbon economic dispatch model for electricity-gas systems is proposed, in which the impacts of the different low-carbon technologies on system economy and carbon emission are investigated. In Literature Yao et al. (2012), a computational framework for integrating wind power uncertainties and carbon prices in economic dispatch model is developed to solve the revised dispatch strategy. To realize the low-carbon economic operation, a ladder-type carbon trading is introduced Cui et al. (2021a). In Literature Cui et al. (2021b), the carbon capture technology is used to the low-carbon dispatch of the IES, in which the price-based demand response is considered. Literature Chen et al. (2021) proposes a two-stage low-carbon optimal scheduling model for combined heat and power (CHP) systems considering the carbon emission flow theory and demand responses based on the carbon prices for reducing carbon emissions. Literature Shen (2024) addresses this real-world challenge by utilizing evolutionary game theory to model the strategic interactions between these stakeholders under a low-carbon trading mechanism.
In addition, the consumption-based carbon emission accounting is able to clarify the carbon emissions responsibility, and the carbon emissions responsibility of consumers can be calculated based on the energy consumption and corresponding carbon emission flows. In different energy networks, the carbon emission flows distribution may be significantly, which leads to different attributed carbon emission responsibilities of consumers (Peters, 2008; Li et al., 2013). In Literature Chen et al. (2018), the carbon responsibility of the power system is shared on the generation side and load side, and the problem is modeled as a cost sharing problem based on the cooperative game. Combining the carbon emission analysis and the power flow calculation, the theoretical architecture of carbon emission flow analysis of the power system is preliminarily formed (Zhou et al., 2012). In Literature Zhang et al. (2022), the impacts of various energy flows on the carbon emissions is explored in a case study. Literature Sun et al. (2017) presents a transmission expansion planning model considering the consumption-based carbon emission accounting. In addition, some literatures have studied the carbon emission pricing based on the calculation of the carbon emission flows. Literature Cheng et al. (2019) studies the low-carbon operation of multiple energy systems by coordinating the transmission-level and distribution-level via the energy-carbon integrated prices. Literature Moreira et al. (2010) analysis the social welfare of the Iberian electricity market considering the carbon emission prices.
From the above literatures (The comparisons of details between this article and previous research are depicted in Supplementary Appendix A), it can be concluded that most of the existing methods to account for carbon emissions in the power system are the generation-based. However, this generation-based carbon emission accounting may lead to unbalanced responsibilities and benefits between the generation units and consumers, especially in the IES that have electricity-thermal energy exchanges. In addition, although the existing research on the energy pricing and low-carbon operation of IES considers the carbon emission factors in modeling, it does not connect the transmission relationship and carbon emission responsibility in the IES with the multi-energy interaction process between ESP and users. To deal with the above-mentioned challenges, the energy-carbon flow relationship and energy-carbon pricing strategy between ESP and prosumers in the IES need to be modeled and analyzed in detail, and the solution method of this complex pricing model is proposed. To this end, we propose an energy-carbon integrated pricing and energy management method of the IES based on the RL. The main contributions are as follows:
1) An energy-carbon integrated pricing model is proposed. The carbon emission intensity (CEI) index is applied to quantify the carbon emission intensity of different energy node in the IES. The energy-carbon integrated prices model is established to study the energy-carbon-prices relationship between the power grid, CHP energy service provider (CHP-ESP) and prosumers.
2) A dynamic pricing method based on the RL of the IES composed of the CHP-ESP and prosumers is proposed. Considering the energy supply revenue of the CHP-ESP and the energy cost of prosumers, the energy transaction process is simulated by the Q-Learning algorithm based on the energy-carbon integrated pricing model. This further determines the energy pricing strategy of the CHP-ESP, optimal energy consumption strategy of prosumers and system operation strategy.
The remainder of this paper is organized as follows. Section 2 introduces the system architecture and pricing model. The energy management model is proposed in Section 3. The reinforcement learning methodology is used to solve model in Section 4. Section 5 presents case study results. Finally, conclusions are given in Section 6.
2 SYSTEM ARCHITECTURE AND PRICING MODEL
2.1 System architecture
This paper focuses on the IES with CHP and prosumers, and the system structure is shown in Figure 1.
[image: Figure 1]FIGURE 1 | System structure of IES.
CHP-ESP is the operator of the IES, which controls CHP and can provide electric energy and thermal energy for prosumers in the system. The CHP is equipped with a CHP energy management system (CHP-EMS), which can dispatch the electricity and thermal generations. The prosumer has a certain proportion of controllable loads, which makes it have the load adjustment ability. In addition, prosumer is equipped with the photovoltaic generation (PV) and prosumer energy management system (PEMS), which can dispatch the electricity energy consumption, thermal energy consumption and electricity energy transaction traded with the IES. In order to enhance the system stability, the IES is connected with the power grid to meet the electricity demand. When there is excess electricity in the IES, the excess electricity will be sent back to the power grid.
2.2 Energy-carbon flow integrated model
This section mainly studies the relationship between the energy flows and carbon flows, and establishes an energy-carbon integrated model. In general, the electricity input from the power grid to IES is mixture electricity of coal-fired generators, WT, PV and hydropower. Here, it is assumed that there is no carbon emission in WT, PV and hydropower generation. Figure 2 shows the energy-carbon flow relationship among the power grid, CHP-ESP and prosumer.
[image: Figure 2]FIGURE 2 | Energy-carbon flow relationship of IES.
Based on the energy-carbon relationship, carbon emission intensity theory and proportional sharing assumption theory (Cheng et al., 2019), this paper proposes the CEI index to reflect the carbon emission intensity of each energy node. The CEI index represents the average carbon emissions related to the injected energy flow during a certain time period, which is equal to the weighted average of the carbon intensities of all injected energy flows (Zhang et al., 2022). Given t∈ 𝒯 ≡ {t:t = 1,2,⋯,T}, where T is the number of time slots of the energy operation. The CEI index models are shown as:
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here, [image: image] is the power of coal power units in power grid, kW; [image: image] is the power of PV in power grid, kW; [image: image] is the power of WT in power grid, kW; [image: image] is the power of hydropower in power grid, kW; [image: image] is the CEI index of the power grid when selling electricity, kg/kWh; [image: image] is the CEI index of the power grid when buying electricity from the IES, kg/kWh; [image: image] is the electrical CEI index of the IES, kg/kWh; [image: image] is the thermal NCI index of the IES, kg/kWh; [image: image] is the electrical CEI index of prosumers, kg/kWh; [image: image] is the thermal CEI index of prosumers, kg/kWh; [image: image] is the CEI index of coal power units, kg/kWh; [image: image] is the CEI index of the CHP, kg/kWh; [image: image] is the CEI index of the natural gas, kg/m3; [image: image] is the CHP-ESP selling electricity power to the power grid, kW; [image: image] is the CHP-ESP buying electricity power from the power grid, kW; [image: image] is output power of the CHP, kW; [image: image] is the operational efficiency of the CHP; [image: image] is the thermal-electricity ratio of the CHP; [image: image] is the low calorific value of the natural gas; [image: image] is the net electrical loads of prosumers, kW; [image: image] is PV output power of prosumers, kW; [image: image] is the thermal loads of prosumers, kW.
Therefore, the energy-carbon integrated prices of the electricity and thermal can be obtained by combining CHP-ESP energy prices and carbon price according to the method in Zhang et al. (2022), Cheng et al. (2019), and Kang et al. (2012). The prices models are shown as:
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here, [image: image] is the electricity-carbon integrated selling price of the power grid, CNY/kWh; [image: image] is the feed-in tariff with carbon of the power grid, CNY/kWh; [image: image] is the feed-in tariff without the carbon price of the power grid, CNY/kWh; [image: image] is the electricity selling price without the carbon price of the power grid, CNY/kWh; [image: image], [image: image] are the CHP-ESP energy-carbon integrated selling price of the electricity and thermal, CNY/kWh; [image: image], [image: image] are the CHP-ESP energy selling price without the carbon price of the electricity and thermal, CNY/kWh; [image: image] is the carbon price, CNY/kg.
3 ENERGY MANAGEMENT MODEL
3.1 Prosumers model
3.1.1 Electrical and thermal loads model
The electrical loads of prosumers can be classified as critical and adjustable loads according to priorities (Yuan et al., 2021; Liu et al., 2019; Wang et al., 2021). n∈𝒩 ≡ {n:n = 1,2,⋯,N}, N is the number of prosumers. The electrical loads models are shown as:
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here, [image: image] is the adjustable electrical loads of prosumer n, kW; [image: image] is the upper limit of the adjustable electrical loads, kW; [image: image] is the electric elasticity coefficient of prosumer n; [image: image] is the net electrical loads of prosumer n, kW; [image: image] is the original electrical loads of prosumer n, kW; [image: image] is PV output power of prosumer n, kW.
The thermal loads of prosumers can be classified as critical and adjustable loads according to priorities (Liu et al., 2019; Wang et al., 2021). The thermal loads models are shown as:
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here, [image: image] is the adjustable thermal loads of prosumer n, kW; [image: image] is the upper limit of the adjustable thermal loads, kW; [image: image] is the thermal elasticity coefficient of prosumer n; [image: image] is the thermal loads of prosumer n, kW; [image: image] is the original thermal loads of prosumer n, kW.
3.1.2 Satisfaction loss and energy cost model
The cost of prosumers consists of the satisfaction loss cost and energy cost. The satisfaction loss cost function indicates the loss value of the energy consumption utility (Wang H. et al., 2020; Cheng et al., 2021). The objective functions of prosumers are shown in Equations 1–3:
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here, [image: image] is the cost of prosumer n; [image: image] and [image: image] are the satisfaction loss for electric and thermal loads; [image: image] and [image: image] are the satisfaction loss coefficient of electric loads; [image: image] and [image: image] indicate the satisfaction loss coefficient of thermal loads.
3.2 Energy service provider model
In this study, the CHP-ESP is the link between the power grid and prosumers. It participates in the energy market transactions and supplies electricity and thermal energy to prosumers by scheduling energy supply units. Hence, the objective of the CHP-ESP is to perform dynamic pricing that maximizes its profits (Huang et al., 2022b). The objective functions of CHP-ESP are shown in Equations 4–6:
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here, [image: image] is the profit of CHP-ESP; [image: image], [image: image] are the operation cost and energy cost of the CHP-ESP, CNY; [image: image] is the natural gas price, CNY/m3; [image: image] is the operation cost coefficient of the CHP, CNY/kW.
3.3 Objective function and constraints
3.3.1 Objective function
The energy transaction process between the CHP-ESP and prosumers is similar to a price game behavior, and the benefits generated by both sides should be considered in the pricing decision-making process. In this paper, we consider both the CHP-ESP’s profit and prosumers’ cost as follows (Lu et al., 2018).
[image: image]
here, [image: image] is the weighting factor of relative importance between the CHP-ESP’s profit and prosumers’ cost.
3.3.2 Constraint conditions
In order to ensure the smooth energy interaction between the CHP-ESP and prosumers and the safe operation of the CHP-ESP, the following constraints must be met (Huang et al., 2022b; Wang et al., 2019). The constraints include the power balance constraint (Equations 7, 8), the equipment operation constraint (Equation 9), the load constraint (Equations 10, 11 (Liu et al., 2016)) and the price constraint (Equations 12, 13). The constraints are shown as:
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here, [image: image] is the maximum operation power of the CHP, kW; [image: image] is the average net electrical loads of prosumers, kW; [image: image] is the average net thermal loads of prosumers, kW; [image: image] is the thermal selling price in the thermal market, CNY/kWh.
4 REINFORCEMENT LEARNING METHODOLOGY
At present, the energy management method of energy system is mostly combined with optimization algorithm or heuristic algorithm in terms of algorithm. The calculation efficiency of optimization algorithm is high, but it is difficult to escape from local optimization when dealing with nonlinear, nonconvex or discontinuous problem. Heuristic algorithm can get the corresponding optimal solution or Pareto frontier under given conditions, but it has many restrictions, long calculation time and insufficient generalization learning ability (Cheng et al., 2022; Cheng et al., 2020).
Reinforcement learning based on MDP theory is an important machine learning method with strong autonomous learning ability and adaptability. RL is a method to make sequential decisions in an unknown environment. It can change the strategy in real time based on online learning from past experience. In RL approach, the agent interacts with the environment, and constantly learns adaptively through “trial and error” to find the optimal strategy. RL method does not need the distribution knowledge of uncertain factors in the system, and it is a potential method to solve the optimization problem with uncertain factors. It has been introduced into the operation optimization and energy management of smart grid, buildings and so on as a potential solution (Wang et al., 2021; Lu et al., 2021; Zhong et al., 2021).
4.1 Markov simulation system model
In this paper, the energy-carbon integrated pricing and energy management problem is modeled as a discrete finite horizon MDP because it is a decision-making problem in a stochastic environment. The MDP process consists of four basic elements, namely the state, action, reward and discount rate. The reward and action taken only depend on the current energy information, but have nothing to do with the historical data. Therefore, this problem can be modeled as a finite MDP with the CHP-ESP as the agent (Lu et al., 2018; Lu et al., 2021; Zhong et al., 2021). Figure 3 shows the agent-environment interactive mode.
[image: Figure 3]FIGURE 3 | Agent-Environment interactive mode.
We formulate the energy-carbon integrated pricing as a discrete finite MDP model. The MDP models established are shown in Equations 14–18:
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here, [image: image] is the state at time t; [image: image] is the action at time t; [image: image] is the current reward; [image: image] is the future reward; [image: image] is the discount rate, [image: image], when [image: image], the agent only cares about the current profit maximization; When [image: image], in the case of relatively stable environment, any action will bring the benefits, but it may lead to endless explorations. In most experiments, [image: image] is set to balance the current reward with the future reward by adjusting the discount rate.
4.2 Solution method based on Q-Learning
Then this MDP problem is solved by adopting the Q-learning method, which solves the problem of sequence decision in unknown environment by mapping selection probability from the state to action. Table 1 shows the flowchart of Q-learning algorithm.
TABLE 1 | Flowchart of the Q-learning algorithm.
[image: Table 1]If the agent chooses strategy [image: image] at the moment, then [image: image] is the probability of [image: image] when [image: image]; Write the value function of the state [image: image] under strategy [image: image] as [image: image], that is, from the state [image: image], the probability expected value of the reward obtained by the agent when making decisions according to the strategy [image: image]. The strategy model is shown in Equation 19:
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Similarly, the value of action [image: image] taken by the strategy [image: image] in the state [image: image] can be recorded as [image: image].Then according to the strategy [image: image], from the state [image: image], after action [image: image] is executed, the expected returns of all possible decision sequences can be obtained. The state model is shown in Equation 20:
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Then, the bellman equation is introduced to represent an iterative relationship of correlation between the current state value and future state value.
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And the iterative relationship of the correlation between the current action and future action can be obtained. Here, [image: image] is the current reward.
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The [image: image] value composed of “state-action” forms the Q-table, which shows the Q-value of all actions in all states. In several iterations, the Q-value will tend to converge. On the basis of the Equations 21, 22, the Q-learning algorithm is used to obtain maximum Q-value, thus obtaining the optimal strategy [image: image]. The optimal strategy model is shown in Equation 23:
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Based on the Q-learning algorithm, the simulation will be run with iterations from which the optimal prices are computed, i.e., at the beginning of a day, the CHP-ESP receives the wholesale electricity price from the power grid, the load demand from prosumers and other parameters defined in the scenario. Then the CHP-ESP calculates the Q-value (CHP-ESP prices), and finally obtains the maximum Q-value.
5 CASE STUDY
5.1 Basic data
In this section, an IES is used as an example to test the energy management and energy-carbon integrated pricing method proposed in this paper. The test system consists of 1 CHP-ESP and three prosumers, and the system structure is shown in Figure 1, and it is assumed that the electricity supply of the power grid in this case is only coal-fired power units.
The entire time cycle is divided into 24 time slots representing the 24 h of a day, thus the optimization time scale t is 1 h. The load data and PV data come from a typical day in winter (As shown in Figures 4–6). The feed-in tariff of the power grid without carbon is 0.35 CNY/kWh. Table 2 shows the wholesale electricity price and electricity elasticity coefficient, Table 3 shows the comfort parameters of three prosumers (Lu et al., 2018; Guo et al., 2020). The wholesale thermal price is 0.3 CNY/kWh, and the thermal elasticity coefficient is −0.3. The CEI index of natural gas is 1.96 kg/m3, the CEI index of coal power units is 0.85 kg/kWh, the low calorific value of natural gas is 9.78 kWh/m3, the operational efficiency of the CHP is 0.92, and the thermal-electricity ratio of the CHP is 1.35. The simulation is conducted using the software with python-programmed code, and a 2.9 GHz, i5-10400 CPU, 16 GB RAM windows PC hardware.
[image: Figure 4]FIGURE 4 | Predicted power curve of electric loads.
[image: Figure 5]FIGURE 5 | Predicted power curve of the thermal loads.
[image: Figure 6]FIGURE 6 | Predicted power curve of the PV.
TABLE 2 | Wholesale price and elasticity of the electricity.
[image: Table 2]TABLE 3 | Satisfaction loss coefficients of three prosumers.
[image: Table 3]5.2 Simulation results
This section presents the simulation results to assess the performance of the proposed energy-carbon integrated pricing model according to the Q-learning algorithm.
Figure 7 shows the feed-in tariff of power grid. Figures 8, 9 show the electricity-carbon price of the power grid and CHP-ESP respectively. Figure 10 shows the electricity energy consumption of three prosumers. Figure 11 shows the thermal-carbon price of the CHP-ESP, and Figure 12 shows the thermal energy consumption of three prosumers.
[image: Figure 7]FIGURE 7 | The feed-in tariff of the power grid.
[image: Figure 8]FIGURE 8 | Electricity-carbon price of the power grid.
[image: Figure 9]FIGURE 9 | Electricity-carbon price of the CHP-ESP.
[image: Figure 10]FIGURE 10 | Electricity energy consumption of three prosumers.
[image: Figure 11]FIGURE 11 | Thermal-carbon price of the CHP-ESP.
[image: Figure 12]FIGURE 12 | Thermal energy consumption of three prosumers.
It can be seen from Figure 8 that the electricity price with carbon of the power grid is exactly the same as the electricity price without carbon in some time periods, especially from 6: 00 to 13: 00. In the above time period, the thermal load demand is large, which makes CHP units a large amount of electricity while supplying thermal. At the same time, the PV power in the IES is very rich. The above two factors lead the CHP-ESP to transmit the abundant electricity to the power grid. In other time periods, the CHP-ESP needs to purchase electricity from the power grid due to insufficient PV output, and the power grid accumulates a part of carbon cost on the basis of electricity price according to the electric power delivered to the IES.
Comparing the electricity price strategies of the power grid and CHP-ESP, we can find that the electricity-carbon price of the CHP-ESP and power grid have the same trend. This is because the CHP-ESP price strategy is produced under the joint constraints of the power grid price and carbon emission intensity of the IES. For the CHP-ESP, its pricing decision shows a change trend similar to the power grid price. From 7: 00 to 13: 00, the PV power to which each prosumer belongs can meet most of the power demand, and under stimulation of electricity price, the prosumer will adjust the loads to the maximum extent, which makes the net electricity loads of prosumers relatively small in this time period. Therefore, prosumers need to bear less carbon cost, and the electricity price of the CHP-ESP with the carbon is similar to that without the carbon. On the contrary, the PV power of prosumers is insufficient in other periods, which leads to prosumers must rely on the CHP-ESP to meet the electricity demand. The large amount of electricity with the carbon purchased from the CHP-ESP eventually leads to the extra carbon cost of prosumers.
In addition, as can be seen from Figure 10, the electric load adjustment strategy of prosumers is also affected by the price with the carbon factor. The electricity load adjustment amount of prosumers in the period of the small net loads is obviously lower than that in the period of large net loads. This is the result of efforts for prosumers to minimize the electricity cost and carbon cost.
Because the CHP is the only thermal source in the system, the carbon emission intensity generated is only related to the operation state of the CHP. It can be seen from Figures 11, 12 that the CHP-ESP will reduce the thermal price in the period when the thermal load demand of prosumers is low, so as to prevent prosumers from drastically reducing the thermal load due to the thermal cost.
Figure 13 shows the optimized scheduling strategy of the IES. The CHP operates in the “thermal-lead mode,” and its operation strategy is closely related to thermal loads. As the backup power supply of the IES, the power grid can guarantee electric power balance in the IES.
[image: Figure 13]FIGURE 13 | Optimized scheduling strategy of the IES.
5.3 Discussion and analysis
5.3.1 Optimization result analysis
This section analyzes the optimization results of the CHP-ESP and prosumers, and discusses the influence of carbon price changes on the results. Figure 14 shows the convergence of the Q-value, and Table 4 shows the optimization results under different pricing modes.
[image: Figure 14]FIGURE 14 | Convergence of the Q-value.
TABLE 4 | Optimization results under different pricing modes.
[image: Table 4]By analyzing the data in Table 4, it can be found that compared with the traditional method (Price without carbon), the pricing and energy management model considering carbon emission factors can get almost the same economic operation results, but it has obvious advantages in carbon emission reduction, and the carbon emissions are reduced by 5.75%. The simulation takes 150s with 100 iterations, and converges to the optimal value at close to 67 iterations.
5.3.2 Sensitivity analysis
In order to further study the influence of carbon price changes on the results, we simulates the changes of the average prices, objective values and carbon emissions when the carbon price increased from 0.049 CNY/kg to 0.099 CNY/kg. Figure 15 shows the average prices for the different carbon prices, Figure 16 shows the objective functions for different carbon prices.
[image: Figure 15]FIGURE 15 | Average price for different carbon prices.
[image: Figure 16]FIGURE 16 | Objective functions for different carbon price.
When the carbon price is increasing, the average thermal-carbon price increases in direct proportion to carbon prices. The electricity-carbon price increased sharply at first, then slowly and gradually stabilized at the later stage. When the growth rate of the carbon price is small, prosumers can still tolerate price increase. However, with the continuous increase of the carbon price, the electricity-carbon price increase will gradually exceed the tolerance range of prosumers, and prosumers will greatly reduce electricity demand, which makes the CHP-ESP lower the electricity price to ensure the electricity sales volume to meet expected minimum profit.
As can be seen from Figure 16 that the change trend of the CHP-ESP profit with the carbon price is similar to that of the average electricity-carbon price. This is because the main profit of the CHP-ESP comes from supplying electricity and thermal energy to prosumers, and the profit of prosumers is more affected by the electricity-carbon price. In the early stage of the carbon price increase, prosumers will adjust their loads to minimize the energy cost. However, with the further increase of carbon price, the load adjustments of prosumers will reach the upper limit. At this time, prosumers will be in a weak position, unable to offset the substantial increase in energy costs caused by the increase of carbon price. At the same time, the load adjustments due to the price increase will also damage the utility of the prosumers. Therefore, the cost of prosumers shows a trend of increasing slowly and then increasing sharply.
5.3.3 Robustness analysis of results
In the RL model established in this paper, the interaction process between CHP-ESP and prosumers, in which CHP-ESP is the leader to formulate the price strategy and prosumers are the followers to respond to the price strategy and optimize the energy consumption, which conforms to the Stackelberg game mechanis. Therefore, this section simulates the energy management method and energy-carbon pricing strategy based on Stackelberg game, and compare the results from two aspects of optimization results and algorithm performance to enhance the robustness of the results. The modeling and proving process of Stackelberg game model refer to literature (Huang et al., 2022b; Wang and Hu, 2023), and the distributed solving algorithm based on genetic algorithm established in literature (Wang and Hu, 2023) is adopted for model solving, and other optimization parameters adopt the parameters set in this paper. Table 5 shows the comparison of optimization results, and Figure 17 shows the convergence curve of Stackelberg game.
[image: Figure 17]FIGURE 17 | Convergence curve of Stackelberg game.
TABLE 5 | Comparison of optimization results.
[image: Table 5]From the data calculation in Table 5, compared with Stackelberg game optimization, the total operating benefit of ESP and the total cost of IES optimized by RL are increased by 86.8 CNY and 45.37 CNY respectively, which shows that the two methods have very close performance in objective function optimization. However, combined with Table 5 and Figure 17, it can be seen that the RL method established in this paper can complete the optimization iteration faster and get the optimal solution compared with the Stackelberg game. In the process of energy management numerical calculation, it can save calculation time and cost, and this advantage will be more obvious in the future when larger-scale systems are optimized.
6 CONCLUSION
In this paper, an energy-carbon integrated pricing and energy management method of IES based on the RL approach is proposed, the proposed method establishes an energy-carbon-prices relationship between the power grid, IES and prosumers by tracing the embedded carbon emissions of energy consumption chains. In addition, the energy-carbon integrated pricing and energy management model is solved by the Q-learning algorithm to determine the optimal energy pricing strategy, prosumers energy consumption strategy and system operation strategy. Case study based on two scenarios of with and without the carbon price shows that the proposed method has obvious advantages in the carbon emission reduction and effectively facilitates the low-carbon operation of the IES. The carbon emissions in the operation of the IES are reduced by 5.75% with the incorporation of the carbon price.
The model established in this paper can enrich the multi-agent energy interaction and pricing method of IES from the theoretical level, and support IES to participate in the energy interaction in the energy- carbon market from the application level to realize the low-carbon economic operation. However, the thermal energy supply of the IES in this paper is provided by IES itself, without considering the thermal interaction with the external thermal market. When the IES interacts with the external thermal market, it will increase the complexity of carbon emission calculation, these will be considered in future research.
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