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When multiple CCHP microgrids are integrated into an active distribution network (ADN), the microgrids and the distribution network serve as distinct stakeholders, making the economic optimal dispatch of the system more complex. This paper proposes a distributed dispatch model of ADN with CCHP multi-microgrid, and refines the objective functions of each region. The analytical target cascading approach (ATC) is employed to model the power transaction as virtual sources/loads, and solve the optimal dispatch in parallel. Case studies demonstrate the proposed distributed model is capable of achieving economic optimization for both stakeholders.
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1 INTRODUCTION
Sustainability and low carbon have become the prevailing directions of current global energy development (Kabeyi and Olanrewaju, 2022). Due to the tight supply of traditional energy and environmental pollution problems, distributed energy has developed rapidly in recent years. As a comprehensive integrated technology of distributed energy sources, microgrid is of great significance for promoting the environmental protection and economy of the power system. The combined cooling, heating, and power (CCHP) microgrids which can supply multiple energy to load demand and improve energy efficiency (Yang et al., 2021), has attracted widespread attention both domestically and internationally. However, the traditional distribution network, due to issues such as large energy loss and low automation levels, faces challenges in accommodating the increasing integration of distributed energy sources (Ghadi et al., 2019). Active distribution network (ADN), leveraging its advantage of flexible structure, can proactively manage distributed energy sources (Jamali et al., 2020). The integration of CCHP microgrids into ADN has the potential to enhance the penetration rate of renewable energy sources and improve economic security (Marvasti et al., 2014; Xie et al., 2022). But at the same time, the integration of CCHP microgrids also brings new challenges to the distribution network, the economic optimal dispatch of the system becomes more complicated.
Numerous studies have focused on optimal dispatch models and control methods of CCHP microgrid (Guo et al., 2021). Wang et al. (2020) introduced a coordinated optimization model of CCHP microgrid considering electricity transactions with the electricity market. Luo et al. (2019) established a multi-objective nonlinear capacity optimization model, and solved it using the NSGA-II algorithm. Zhang et al. (2023) presented a multi-objective model aimed at minimizing the operation costs and emissions in a CCHP-based microgrid. This model employed robust optimization method to account for uncertainties. Gu et al. (2017) proposed a dynamic optimization and dispatch strategy for CCHP microgrid based on model predictive control, which provides real-time feedback to correct the deviation of cold and heat load and renewable energy output prediction. Varasteh et al. (2019) introduced a two-layer iterative optimization algorithm designed to optimize the system expansion and planning while simultaneously accounting for the impacts of demand response programs and system reliability.
The above literature mainly focuses on the economic optimal dispatch of a single CCHP microgrid. When multiple microgrids are interconnected, the economic dispatch problem receives extensive research attention. Liu et al. (2019) proposed a new hybrid energy sharing management framework for CCHP microgrids to reduce the operation cost (Du et al., 2018). proposed a cooperative game approach for multi-microgrid to achieve higher energy efficiency and lower operation cost Wang et al. (2018) introduced a two-stage energy management method for renewable energy microgrids Tan et al. (2020) presented a two-stage robust optimization model for CCHP multi-microgrid with uncertainties, aiming at minimizing the operation cost.
Nowadays, the connection of multiple microgrids within the same distribution network has become increasingly prevalent, making the investigation of economic optimal dispatch for ADN with CCHP multi-microgrids of practical significance (Yan et al., 2017; Cheng et al., 2022). Alam et al. (2019) highlighted that the interconnection of microgrids can yield multiple advantages, including the high-efficiency utilization of renewable energy sources and reduction in operation cost. The economic optimal dispatch problem of ADN with multi-microgrids is a nonlinear problem, and there are centralized and distributed modeling methods. (Nikmehr and Ravadanegh, 2015). established a centralized model and took the minimum total operating cost of the system as the objective function. The simulation results show that power sharing between multi-microgrids and the main grid can reduce the total operating cost of future distribution networks (Luna et al., 2017). utilized the mixed integer programming to solve the centralized model. The centralized modeling method can solve the global optimal problem, but this method requires a lot of communication information and a lot of calculations. When a large number of distributed energy sources of various types are connected to the grid, the pressure of information transmission increases sharply, which makes it easy to cause computational dimensionality disaster. At the same time, it also fails to protect the privacy of the distribution network and microgrid as independent individuals.
Distributed optimization has attracted widespread attention due to its advantages such as requiring less interactive information, protecting the privacy of each subject, and fast solution speed (Wu et al., 2017). Xie et al. (2018) introduced the concept of multiple microgrids and the distribution grid as distinct stakeholders, incorporating the analytic target cascading method to achieve parallel solutions for optimizing microgrid scheduling issues (Gao et al., 2018). proposed a novel energy exchange model that uses a distributed approach to coordinate the power exchange between the distribution network and the microgrid. The energy management model of each independent individual adopts a two-stage robust optimization to cope with the randomness of new energy and the predicted load of each independent area. Zhong et al. (2023) established a distributed optimization model between microgrid and distribution network using the alternating direction multiplier method (ADMM) to achieve the optimal energy interaction of all stakeholders, and verifies the algorithm advantages in reducing computational burden and protecting privacy (Ajoulabadi et al., 2020). established a flexible dispatch model for distribution network with microgrids considering network reconstruction and demand response to improve the flexibility of system dispatch Kim et al. (2020) described the energy transaction between multiple microgrids and distribution networks as a Nash bargaining game problem, and proposed a two-stage distributed method to determine the transaction volume and clearing price, which greatly reduced the total cost and improved the overall social welfare. Mohiti et al. (2019) introduced a decentralized robust model aiming to minimize the overall operation cost through coordinated operation of ADN and multi-microgrids.
In order to enhance economic efficiency and energy utilization of microgrids, an economic optimal dispatch of ADN with CCHP multi-microgrid is introduced. Distributed modeling and analytical target cascading approach are utilized to obtain the optimal economic dispatch results. The major contributions of this paper are outlined as follows:
(1) This paper proposes the composition and structure of an ADN with CCHP multi-microgrid, and constructs the mathematical model of equipment within CCHP microgrid.
(2) ADN with CCHP multi-microgrid is divided into local dispatch layer and regional dispatch layer. Based on the differing stakeholders at the regional dispatch layer, centralized and distributed optimal dispatch models are established respectively.
(3) The analytical target cascading approach is used to equivalent the interaction power between microgrid and ADN to virtual sources and virtual loads, to achieve decoupling solution.
(4) Case study compares the results between centralized model and distributed model, and validate the effectiveness of the proposed optimal dispatch model.
The remainder of this paper is organized as follows. Section 2 introduces the structure of ADN with CCHP multi-microgrid and the mathematical model of the equipment within CCHP microgrid. Section 3 proposes the optimal dispatch model of ADN with CCHP multi-microgrid, and analytical target cascading approach is utilized to solve the model. Section 4 presents the case simulation results of local dispatch layer and regional dispatch layer under centralized and distributed model. Finally, conclusions are made in Section 5.
2 STRUCTURE OF ADN WITH CCHP MULTI-MICROGRID AND EQUIPMENT MATHEMATICAL MODEL
2.1 Structure of ADN with CCHP multi-microgrid
The structure of ADN with CCHP multi-microgrid is divided into local dispatch layer and regional dispatch layer, as illustrated in Figure 1. The local dispatch layer consists of renewable energy generation and energy storage system within CCHP microgrid. At the regional dispatch layer, microgrids are collectively connected to the same ADN. Each CCHP microgrid plans the output schedules of distributed generation and equipment, coordinates the interaction power with ADN, and satisfies multiple loads. ADN allocates the output of each generator to minimize the overall operation cost of ADN while meeting its own electric load.
[image: Figure 1]FIGURE 1 | Structure diagram of ADN with CCHP multi-microgrid.
2.2 Mathematic model of equipment within CCHP microgrid
The equipment and energy flow relationships of CCHP microgrid is shown in Figure 2, and the load include cooling load, heating load and electric load. The main equipment in the CCHP microgrid include gas turbine, gas boiler, waste heat boiler, electric chiller, absorption chiller, heat exchanger, wind turbine (WT), photovoltaic unit (PV) and energy storage system. The mathematic model of equipment is given in Equations 1-8.
[image: Figure 2]FIGURE 2 | Structure diagram of CCHP microgrid.
2.2.1 Gas turbine (GT)
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[image: image]
Where [image: image] is the output of GT; [image: image] is the amount of gas consumption of GT; [image: image] is the generation efficiency of GT; [image: image] is the amount of waste heat recovery from GT; [image: image] is the heat-to-electric ratio.
2.2.2 Gas boiler (GB) and waste heat boiler (WH)
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[image: image]
Where [image: image] is the heating output of GB; [image: image] is the amount of gas consumption of GB; [image: image] is the efficiency of GB; [image: image] is the output of WH; [image: image] is the input power of WH; [image: image] is the efficiency of WH.
2.2.3 Heat exchanger (HX)

[image: image]
Where [image: image] is the output of HX; [image: image] is the portion of WH output for heating; [image: image] is the efficiency of HX.
2.2.4 Absorption chiller (AC) and electric chiller (EC)
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[image: image]
Where [image: image] is the output of EC; [image: image] is the input power of EC; [image: image] is the cooling efficiency of EC; [image: image] is the output of AC; [image: image] is the portion of WH output for cooling; [image: image] is the cooling efficiency of AC.
2.2.5 Energy storage system (ESS)

[image: image]
Where [image: image] is the capacity of ESS at time t; u is the energy loss rate of ESS; [image: image] and [image: image] are the charging and discharging efficiency of ESS; [image: image] and [image: image] are the charging and discharging power of ESS.
3 OPTIMAL DISPATCH MODEL OF ADN WITH CCHP MULTI-MICROGRID
3.1 Modeling of local dispatch layer
3.1.1 Objective function of local dispatch layer
The local dispatch layer comprises WT and ESS, forming a wind-storage combined system. The local dispatch layer needs to meet two objectives, namely, maximizing the generation revenue of the combined system while minimizing the output fluctuation throughout the entire period to reduce the impact on the microgrid. Therefore, the optimization objective functions of the local dispatch layer are presented in Equations 9-11.
[image: image]
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Where [image: image] is the generation revenue of the wind-storage combined system; [image: image] is the output fluctuation of the combined system; [image: image] is the period of day-ahead optimal dispatch, which is taken as 24 h in this paper; [image: image] is the electricity sales price of the combined system; [image: image] is the output of the combined system; [image: image] is the maximum forecast output of WT.
3.1.2 Constraints of local dispatch layer
The constraints of the local dispatch layer include limitations on the charging power, discharging power and state of charge of ESS, as shown in Equation 12.
[image: image]
Where [image: image] is the initial stored energy of ESS; [image: image] is the maximum capacity of ESS; [image: image] and [image: image] are the charging state and the discharging state of ESS respectively; [image: image] is the maximum charging and discharging power of ESS.
3.2 Modeling of regional dispatch layer
3.2.1 Objective function of centralized optimal dispatch
The optimized outputs of WT at the local dispatch layer are transferred to the CCHP microgrids at the regional dispatch layer, serving as the renewable energy generation inputs. In the centralized optimal dispatch, individual microgrids prioritize the utilization of WT at the local dispatch layer before resorting to other equipment such as GT and ESS. The objective of centralized optimal dispatch at the regional dispatch layer is to minimize the total operation cost of ADN and CCHP multi-microgrid. The objective function is expressed as shown in Equations 13-16.
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Where [image: image] is the total operation cost; [image: image] is the generation cost of ADN; [image: image] is the gas cost of CCHP multi-microgrid; [image: image] is the electricity purchase cost from the local dispatch layer; [image: image] is the output of generator i in ADN; [image: image] is the number of generators; [image: image] is the number of microgrids; ai, bi, ci are cost coefficient; [image: image] is the gas price; [image: image] is the output of GT in microgrid j; [image: image] is the amount of gas consumed by GB in microgrid j; [image: image] is the output of WT in microgrid j.
3.2.2 Objective function of distributed optimal dispatch
In practical engineering, the ADN and the CCHP multi-microgrid, as two distinct stakeholders, have their own optimization objectives. In order to investigate the optimal dispatch results of two stakeholders, a distributed optimal dispatch model is introduced, enabling different stakeholders to engage in a game while simultaneously achieving their respective economic optimum. The regional dispatch layer is further divided into ADN layer and CCHP multi-microgrid layer, where separate optimal dispatch models are established for each.
3.2.2.1 ADN layer
The optimization objective of ADN layer is the minimum operation cost, including the generation cost and interaction cost. The objective function of ADN layer is depicted in Equations 17, 18.
[image: image]
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Where [image: image] is the operation cost of ADN; [image: image] is the interaction cost between ADN and CCHP multi-microgrid; [image: image] is the interaction power between ADN and microgrid j; [image: image] is the time-of-use electricity price between ADN and microgrid j.
3.2.2.2 CCHP multi-microgrid layer
The optimization objective of CCHP multi-microgrid layer is to minimize the total operation cost, including gas cost, interaction cost with ADN, and electricity purchase cost. The objective function is shown in Equations 19-21.
[image: image]
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Where [image: image] is the total operation cost of CCHP multi-microgrid; [image: image] is the gas cost of microgrid j; [image: image] is the interaction cost between ADN and microgrid j; [image: image] is the electricity purchase cost from the local dispatch layer in microgrid j.
3.2.3 Constraints of ADN layer
The constraints of the regional dispatch layer are divided into two categories, ADN layer and CCHP multi-microgrid layer. Both centralized and distributed optimal dispatch model have the same constraints.
3.2.3.1 Electric power balance
The constraints of ADN layer are shown in Equations 22-25.
[image: image]
Where [image: image] is the electric load of ADN; [image: image] is interaction power between ADN and microgrid j.
3.2.3.2 The upper and lower limits of power generation

[image: image]
Where [image: image] and [image: image] are the maximum and minimum power generation of generator i respectively.
3.2.3.3 Spinning reverse constraints

[image: image]
Where [image: image] is the reverse demand of ADN.
3.2.3.4 Interaction power limits between ADN and microgrids

[image: image]
Where [image: image] and [image: image] are the maximum and minimum interaction power respectively.
3.2.4 Constraints of CCHP multi-microgird layer
The constraints of the CCHP multi-microgrid layer comprise both equality and inequality constraints. The equality constraints include the power balance of multiple loads for each CCHP microgrid, as shown in Equations 26-28. The inequality constraints encompass the limits of equipment output and the state of charge of ESS, as shown in Equation 29.
3.2.4.1 Cooling load balance

[image: image]
Where [image: image] is the output of AC in microgrid j; [image: image] is the output of EC in microgrid j; [image: image] is the cooling load in microgrid j.
3.2.4.2 Heating load balance

[image: image]
Where [image: image] is the output of GB in microgrid j; [image: image] is the output of HX in microgrid j; [image: image] is the heating load in microgrid j.
3.2.4.3 Electric load balance

[image: image]
Where [image: image] is the output of GT in microgrid j; [image: image] and [image: image] are the charging and discharging power of ESS in microgrid j; [image: image] is the interaction power between microgrid j and ADN; [image: image] is the output of local dispatch layer in microgrid j; [image: image] is the electric load in microgrid j; [image: image] is the power consumption of EC in microgrid j.
3.2.4.4 The upper and lower limits of equipment output

[image: image]
Where [image: image] is the output of equipment in microgrid j; x is the type of equipment, including GT, GB, WH, EC, AC, HX; [image: image] is the maximum capacity of equipment.
3.3 Solving method
The interaction power between ADN and CCHP multi-microgrid influences the optimal dispatch of both systems, rendering the distributed optimal dispatch model difficult to solve.
The analytical target cascading (ATC) is an approach to solving coordination issues in distributed hierarchical structures (Kargarian et al., 2018). It offers advantages such as parallel optimization of multi-level systems and strict convergence. The upper-level system provides design variables for the lower-level system, the lower-level system calculates the response and feeds it back to the upper-level system, then updates the data based on the feedback results. Repeat the above process until it meets the set convergence criteria (Talgorn and Kokkolaras, 2017). The optimization model for each level of ATC is depicted in Equation 30.
[image: image]
Where [image: image] is the initial system optimization objectives; [image: image] is the design variables transferred from the upper-level system to the lower-level system after optimization; [image: image] is the feedback results transferred from the lower-level system to the upper-level system after optimization; [image: image] is the penalty term, the Lagrangian penalty function is chosen in this paper; [image: image] is the inequality constraints of this level; [image: image] is the equality constraints of this level.
In this paper, the upper-level is ADN, while the lower-level is CCHP multi-microgrid. The design variables and feedback variables are both the power transaction between CCHP multi-microgrid and ADN. The interaction power between CCHP microgrid j and ADN [image: image] is equivalent to virtual loads [image: image] in ADN, and virtual sources [image: image] in CCHP microgrid j, and participates in the optimal dispatch of the two distinct stakeholders.
The Lagrangian penalty function is added to the objective function in each layer. The objective function of CCHP microgrid j can be modified as shown in Equation 31.
[image: image]
The objective function of ADN can be modified as shown in Equation 32.
[image: image]
where ωj and γj are the Lagrange multipliers. [image: image] and [image: image] are the coupling variables from the other system. By introducing the penalty function, the coupling variable is made to approach the boundary power value of the other system’s interactive feedback during the iteration process, and finally the coupling variable is consistent with the boundary value.
The convergence criterion for judging the optimization results can be formulated as Equations 33-35.
[image: image]
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Where ε1 and ε2 are the convergence accuracy; β is a constant, generally taken as (2,3). The initial values of ωj and γj are generally small constants.
In Equation 33, the difference between virtual sources and virtual loads within the same iteration process should meet the specified minimum value requirement. In Equation 34, the total operation cost of ADN with CCHP multi-microgrid should be optimized for the best results.
The parallel optimization process is illustrated in Figure 3, the specific steps are described as follows.
Step 1: Set initial value of equipment parameters and the penalty function multipliers. The number of iterations K = 1.
Step 2: Solve the optimal dispatch problem of ADN and transfer the virtual loads [image: image] to microgrids.
Step 3: Each microgrid solves its optimal dispatch problem and transfer the virtual sources [image: image] to ADN.
Step 4: Use Equations 33, 34 to determine whether the convergence criterion is met. If it is met, the optimal dispatch result is output. If it is not met, the penalty function multiplier is updated according to Equation 35 and the process returns to step 2. The number of iterations K = K + 1.
[image: Figure 3]FIGURE 3 | Solving process of analytical target cascading approach.
4 CASE STUDY
The multi-microgrid consists of CCHP microgrids, CCP microgrids, and CHP microgrids, and each type is only one. Each microgrid holds equal significance, and there is no energy transaction between them. The load forecast data for the three microgrids are provided in Figure 4 below. Parameters of equipment in the microgrids are outlined in Table 1. Parameters of generators in ADN are specified in Table 2. Table 3 shows the time-of-use electricity price, and the natural gas price is set at 2.20 yuan per cubic meter. The proposed optimal dispatch model is written using MATLAB and solved using CPLEX.
[image: Figure 4]FIGURE 4 | Curves of the forecasting load of ADN and CCHP multi-microgrid.
TABLE 1 | Parameters of equipment in microgrids.
[image: Table 1]TABLE 2 | Parameters of generators in ADN.
[image: Table 2]TABLE 3 | Time-of-use electricity price.
[image: Table 3]4.1 Operation results of local dispatch layer
Since the demand for electricity is typically lower at night and higher during the day, the sales price of the combined system is set at 0.2 yuan per kWh from 00:00 to 08:00, while the sales price for the rest of the time is 0.5 yuan per kWh. The multi-objective genetic algorithm (NSGA-II) is applied to solve the dual-objective optimization problem at local dispatch layer (Verma et al., 2021), resulting in the pareto chart shown in Figure 5.
[image: Figure 5]FIGURE 5 | Pareto chart of combined system.
Considering the equal importance of output fluctuation and generation revenue in the combined system, the intermediate value from Figure 5 is selected as the dispatch result of the local dispatch layer. The charging and discharging power of ESS, as well as the output results of the local dispatch layer, are presented in Figure 6. At the local dispatch layer, the generation revenue amounts to 12,107.029 yuan, with an output fluctuation variance of 5506722.607 kW2. During the period from 2:00 to 3:00, ESS reaches its maximum charging power of 203.9 kW, whereas ESS reaches its maximum discharging power of 210 kW from 19:00 to 20:00. After the introduction of ESS, the local dispatch layer can significantly reduce the output fluctuation of WT and mitigate the impact on microgrid users.
[image: Figure 6]FIGURE 6 | Output of combined system and ESS.
4.2 Operation results of regional dispatch layer
4.2.1 Centralized optimal dispatch
Under the centralized optimal dispatch model, the regional dispatch layer considers the operation cost of ADN and CCHP multi-microgrid as a common optimization objective. The optimal dispatch results are shown in Figures 7, 8.
[image: Figure 7]FIGURE 7 | Generators output of ADN under centralized optimal dispatch.
[image: Figure 8]FIGURE 8 | Simulation results of CCHP microgrid under centralized optimal dispatch.
Figure 7 shows the output of two generators maintains the same trend. During the period from 0:00 to 6:00, the output of both generators remains relatively stable. The output of both generators shows a rapid increase from 6:00 to 9:00, while decreasing due to the reduced electric load of ADN from 21:00 to 24:00.
The CCHP microgrid, CCP microgrid, and CHP microgrid can achieve their respective cooling, heating and electric load balance, without wasting energy. The CCHP microgrid is taken as an instance to analyze the results of multi-microgrid. The optimal dispatch results of CCHP microgrid under centralized model will be compared and discussed with the results under distributed model.
4.2.2 Distributed optimal dispatch
The ATC approach is introduced to solve the distributed optimal dispatch model, subsequently yielding the optimal dispatch results of ADN layer and CCHP multi-microgrid layer, as shown in Figures 9–11.
[image: Figure 9]FIGURE 9 | Generators output of ADN under distributed optimal dispatch.
[image: Figure 10]FIGURE 10 | Interaction power between multi-microgrid and ADN.
[image: Figure 11]FIGURE 11 | Simulation results of CCHP microgrid under distributed optimal dispatch.
4.2.2.1 ADN layer
Figure 9 shows the output of two generators varies with the changes in the electric load of ADN. Both generators maintain the identical output levels from 22:00 to 9:00. During the period from 8:00 to 9:00, the output of generator two increases to maximum capacity, and it continues to operate at full capacity from 8:00 to 22:00. During the period from 9:00 to 18:00, the output of generator one alternates between increase and decrease. Whereas generator one generally shows a decreasing trend in power generation from 18:00 to 24:00.
Figure 10 reveals a positive correlation between the total interaction power and the electric load of ADN. Both CCHP and CHP microgrid sell electricity to ADN during the period from 0:00 to 7:00, while purchasing electricity from ADN during other time intervals. In contrast, the CCP microgrid purchases electricity from ADN throughout all time intervals.
4.2.2.2 CCHP multi-microgrid layer
The load balance curve of the CCHP microgrid under distributed optimal dispatch are shown in Figure 11. Figure 11A shows the electric load is balanced by GT, WT, EC, ESS and interaction power with ADN. During the peak electric load period from 8:00 to 23:00, GT operates at its maximum capacity of 1,500 kW. ESS discharges during the peak period from 8:00 to 11:00 and charges during the valley period from 23:00 to 7:00, in accordance with the peak shaving and valley filling functions. The CCHP microgrid sells surplus electricity to ADN from 1:00 to 7:00 and purchases electricity from ADN from 8:00 to 24:00 to meet the electric load.
Figure 11B shows the cooling load is supplied by AC and EC. When the exhaust heat of GT is insufficient to meet the cooling load, supplementary cooling is provided by EC. The output of EC is constrained by the electricity purchase price from ADN, the output capacity of GT, and the cooling load.
Figure 11C shows the heating load is supplied by GB and HX. When the exhaust heat of GT is insufficient to meet the heating load, GB is utilized to fulfill the demand. GB reaches its maximum heating power from 18:00 to 19:00 and its minimum heating power from 8:00 to 9:00.
4.3 Comparative analysis between dispatch models
From the aforementioned optimal dispatch results of the CCHP microgrid under centralized and distributed dispatch models, it is evident that under centralized optimal dispatch, the output of GT is higher at night, resulting in higher interaction power with ADN and charging power of ESS. The cooling load at night is mainly supplied by AC, while EC is not utilized. The dispatch strategy of increasing GT output results in lower total operation cost. The operation cost of CCHP multi-microgrid, ADN, and overall system under two models are presented in Table 4.
TABLE 4 | Comparison of centralized and distributed optimal dispatch model.
[image: Table 4]As shown in Table 4, under centralized optimal model, the total daily operation cost of the system is minimized, yet the cost of multi-microgrid is higher compared to that under distributed optimal model. This suggests that the multi-microgrid may prioritize minimizing the total cost at the expense of its own interests. Under the distributed optimal model, it is possible to refine the benefits between two distinct stakeholders, the distribution network and microgrid only need to transfer the virtual load value of ADN and the virtual source value of CCHP microgrids to obtain the optimal solution, thus protecting the privacy of ADN and CCHP microgrids. While under the centralized optimal model, ADN and CCHP microgrids need to transfer the privacy data of their respective areas, which involves a lot of data.
When the distributed model is solved by ATC, the system operation cost is almost close to that of the centralized model. Meanwhile, the distributed model requires less interactive information, which can enable ADN and CCHP multi-microgrid to achieve their own economic optimality while protecting the privacy of each region. With the promotion of the concept of smart communities, more and more power sellers are entering the market, and the distributed model method proposed in this paper has good applicability.
5 CONCLUSION
This paper proposes a distributed dispatch model of ADN with CCHP multi-microgrid. In order to overcome the shortcomings of centralized model, ADN and microgrids are regarded as distinct stakeholders to implement energy management of overall system. The analytical target cascading approach is utilized to achieve the solution of distributed optimization. The effectiveness of the proposed strategy is validated through case study, the following conclusions are obtained.
(1) The multiple load in the CCHP multi-microgrid have all reached a balanced state, resulting in full utilization of renewable energy. The output of generators in ADN can satisfy the demand of electric load, power interaction with microgrids, and spinning reverse capacity.
(2) The analytical target cascading approach can reflect the interest game between ADN and multi-microgrid. Under the distributed optimal dispatch, participants are modeled by refined objective functions and constraints. The interaction power is regarded as virtual sources and virtual loads to implement parallel solution.
(3) Simulation results indicate that the distributed dispatch model can achieve simultaneous economic optimum at both ADN and CCHP multi-microgrid in comparison to centralized dispatch model.
This paper does not consider the randomness of wind power and cooling and heating loads, and the equipment model in the actual project is more complex and affected by many factors such as temperature and air pressure. In future research, chance-constrained programming will be used to describe the uncertainty of random variables. The mathematical model of the equipment will be studied in depth to obtain optimal dispatch results closer to the actual project.
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