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With the wide deployment of combined heat and power units, electric boilers, etc., the power system and the heating system are coupled tightly, which necessitates expansion planning in a coordinated manner. Demand response (DR) is considered an effective method for augmenting system flexibility, which would lead to a more beneficial planning strategy in the co-expansion planning strategy. Therefore, we develop a bi-level co-expansion planning model with DR constraints for the integrated electric and heating system to minimize expenses on both investment and operation. The upper level gives the optimal investment strategy of energy facilities, while the lower level is optimal operation problems with DR constraints under the given investment decision. Numerical simulation is employed in the P6H8 system to demonstrate the proposed model.
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1 INTRODUCTION
The widespread deployment of combined heat and power (CHP) units augments the interconnection between the power system and the heating system (Lin et al., 2020; Khatibi et al., 2021). In this context, the integrated electric and heating system (IEHS) has gained massive attention in recent years. IEHS is an important part of the Energy Internet (Long et al., 2022), and it has received extensive attention in both industry and academia.
Extensive studies on the optimal operation of IEHS can be found in the literature. Li et al. (2016) proposed a combined heat and power dispatch (CHPD) method that exploits the flexibility of the district heating system (DHS) for better wind accommodation in the power system. And Xue et al. (2020) developed a heterogeneous decomposition algorithm to tackle the multi-agent problem in CHPD. In addition to economic dispatch, other operation problems such as unit commitment (Anand et al., 2019) and optimal energy flow (Yao et al., 2021) are also studied.
The aforementioned studies are based on given energy facilities which may not provide sufficient operation flexibility once the load increases (Fu et al., 2020). On this account, the co-expansion planning (CEP) of IEHS is another research priority. Li et al. (2021) proposed a CEP method for hybrid concentrating solar power and CHP plant in IEHS. Cheng et al. (2019) developed a CEP model aimed at minimizing cost and emissions. Martinez Cesena et al. (2016) proposed a CEP model for IEHS to address long-term price uncertainty. Cao et al. (2020) proposed a data-driven method to solve the CEP with uncertainty.
However, the aforementioned studies usually formulate the CEP problem as a single-layer model, which is unreasonable. In industry practice, the investment and operation are determined by the generation company and system operator, respectively (Pineda and Morales, 2019). The generation company determines the investment strategy, which is submitted to the system operator. And the system operator develops a cost-effective operation strategy, which regulates the unit operation. Thus, it is urgent to develop a CEP framework to capture this feature.
Considering the impact of the operation strategies on investment decisions, fully exploiting flexibility resources in IEHS operation will result in more beneficial planning strategies. Demand response (DR) is an important way to mobilize flexible resources on the demand side (Huang et al., 2019; Gjorgievski et al., 2021), which has been studied extensively in quantitative evaluation (D’hulst et al., 2015), economic dispatch (Alipour et al., 2019; Majidi et al., 2019) and unit commitment (Mansour-Saatloo et al., 2020). In contrast, few works focus on the performance of DR on CEP problems. DR could optimize the load curves by intentionally modifying the energy consumption patterns of users to facilitate IEHS in balancing supply and demand (Yin et al., 2016). Thus, DR can be regarded as a potential tool to postpone or even cancel unnecessary facilities planning.
Accordingly, the focus of this paper is to develop a bi-level co-expansion planning (BLCEP) model with DR constraints for IEHS. The main contributions of our work are as follows:
1) We develop a BLCEP framework of IEHS in this paper. The investment of power and heat sources are optimized in the upper level, while the operation problem is optimized in the lower level. In this way, the optimal results can be obtained through the game of the upper-level problem and the lower-level problem.
2) DR is introduced into the BLCEP model, and its cost is considered in the objective function. The electric and heat load curve is optimized by DR, and the operation flexibility of the demand side is exploited. In this way, unnecessary investment in IEHS facilities is prevented.
3) The proposed BLCEP model is transformed into a single-layer model by replacing the lower-level operation model with corresponding Karush-Kuhn-Tucker (KKT) conditions. Therefore, the proposed model can be solved directly with commercial solvers such as CPLEX and Gurobi.
The remainder of this paper is as follows. In Section 2, we proposed a BLCEP framework of IEHS. Based on the framework, a BLCEP model with DR constraints is given in Section 3. In Section 4, the proposed BLCEP model is transformed into a single-level mixed integer linear optimization problem. In Section 5, numerical simulations of the P6H8 system are performed to demonstrate the effectiveness of the proposed model. And the conclusion is given in Section 6.
2 FRAMEWORK
A typical IEHS is comprised of an electric power system (EPS) and DHSs. In this regard, the expansion planning for IEHS includes planning for both power and heat sources. Figure 1 depicts the BLCEP framework of IEHS. An investment model is presented in the upper level, which is utilized to determine the optimal investment strategy for energy facilities. Based on the investment decision given by the upper level, the IEHS operation problem is optimized to minimize the operation costs at the lower level and feedback to the upper level.
[image: Figure 1]FIGURE 1 | Framework of BLCEP of IEHS problem.
Noting that the investment model in the upper level and the operation model in the lower level are mutually influenced. The less investment in expansion, the stricter operation conditions, and the larger operation cost. Similarly, lower operation costs require more relaxed operation conditions, i.e., more investment in energy facilities. Hence, the optimal solution of bi-level programming can be regarded as the gaming between the investment level and operation level (Zeng et al., 2017; Wang et al., 2021).
3 BI-LEVEL CO-EXPANSION PLANNING OF INTEGRATED ELECTRIC AND HEATING SYSTEM MODEL FORMULATION
Based on the framework given in Section 2, the BLCEP model is formulated as follows.
3.1 Investment model in the upper level
Denote [image: image], [image: image], [image: image] as binary variables representing the installation status of generators, wind farms and electric boilers, respectively. The investment model in the upper level aims to minimize the total cost [image: image] as
[image: image]
The first term indicates the investment cost of energy facilities which consist of generators, wind farms and electric boilers, i.e.,
[image: image]
where dr indicates the discount rate, and it generally takes a value between 6% and 8% (Mu et al., 2020). The second term of (1) indicates operation cost in [image: image] year, i.e.,
[image: image]
The upper-level model is subjected to investment constraints. 1) duplicate investment of energy facilities is prohibited (4)–(6). 2) annual investment cost is limited by budget (7).
[image: image]
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where [image: image] is the set of candidate conventional thermal units, [image: image] is the set of candidate CHP units, [image: image] is the set of candidate wind farms, and [image: image] is the set of candidate electric boilers. And [image: image] indicates the maximum annual investment.
3.2 Operation model in the lower level
The objective function [image: image] in the lower level aims to minimize the total operation cost consisting of generator fuel cost wind curtailment cost and DR cost as
[image: image]
where [image: image], [image: image], [image: image]indicate the cost function of CHP units, conventional thermal units, and wind farms, respectively. [image: image], [image: image], [image: image] represent the output of generators and wind farms. [image: image]is the cost function to compensate users for participating in DR as
[image: image]
where [image: image] and [image: image] are load shifting by DR. [image: image] and [image: image] are the cost coefficient of power and heat load shifting, respectively.
In addition to the objective, operation constraints of DHS and EPS would have to be considered in the model as follows.
3.2.1 District heating system operation constraints
Generally, heat is generated by heating facilities such as CHP units, electric boilers in heat stations, i.e.,
[image: image]
where [image: image] indicates heat generated in electric boiler e, and [image: image] indicates heat generated in heat station connecting node i. [image: image] and [image: image] denote the set of CHP unit and electric boiler connecting heat node i, respectively. The output of CHP units is limited by their operation feasible region [image: image], i.e.,
[image: image]
As for electric boilers, they can be formulated as
[image: image]
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where [image: image] is the set of all electric boilers. [image: image] is the efficiency of electricity to heat. And [image: image] is maximum consumption of electric boilers e. The heat generated in heat stations will be delivered to head loads [image: image] through hot water, i.e.,
[image: image]
[image: image]
where [image: image] indicate the density of water. [image: image] and [image: image] is the mass flow rate in heat station and heat load connecting with node i. [image: image] and [image: image] denote temperature at heat node i of the supply and return pipelines. To guarantee the heating quality, the supply temperature in heat stations and return temperature in heat loads should be limited:
[image: image]
[image: image]
Let [image: image] and [image: image] denote pipelines starting and ending of heat node i, respectively. Similarly, [image: image] and [image: image] denote the heat loads and heat stations connected with heat node i, respectively. According to the law of continuity, the total mass flow rate injected into the heat node is 0, i.e.,
[image: image]
where [image: image] and [image: image] indicate mass flow rate in supply and return pipelines, respectively. [image: image] and [image: image] indicate the mass flow rate in the load and heat station. Traditionally, the DHS operates in quality regulation mode, which means constant mass flow rate and variable heating temperature regulation strategy (Wang et al., 2019). Based on this, the mass flow rate is fixed in this paper to linearize the DHS model (Shao et al., 2020).
According to the energy conservation, the temperatures of mass flow rate would mix when mass flow into the same heat node, i.e.,
[image: image]
where [image: image] and [image: image] denote the temperature at the inlet of the supply and return pipeline p, respectively. Besides, the temperature at the heat node is the same as those at the inlet of the supply and return pipeline, i.e.,
[image: image]
Considering heating dissipation during heating transfer, the outlet temperature of mass flow rate in pipelines is lower than the inlet temperature.
[image: image]
where [image: image] indicate specific heat capacity. [image: image], [image: image], and [image: image] indicate the cross-sectional area, heat conductivity coefficient, and length of pipeline p, respectively.
3.1.2 Electric power system operation constraints
Let [image: image] denote the set of conventional thermal units connecting bus b, and the set of all conventional thermal units is denoted by [image: image]. Similarly, the set of CHP units connecting bus b, all CHP units, wind farms connecting bus b, and all wind farms are defined by [image: image], [image: image], [image: image] and [image: image], respectively. By introducing binary investment decision variables into the direct flow model, the operation constraints on the power system are given as follows, which consist of power flow balance (23), transmission capacity (24), generator output (25)–(28), ramp up/down (29)–(32), and the spinning reserve limit (33).
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where [image: image] refers to the actual value of power load at bus b, and [image: image] is shift factor of bus b to line l. [image: image] is the predicted output of wind farms. [image: image] and [image: image] are the lower and upper limits of the power output of generator g, respectively. [image: image] and [image: image] are upward and downward ramping capacities of generator g, respectively. [image: image] and [image: image] are the upward and downward spinning reserve of generator g. [image: image] and [image: image] are EPS upward and downward spinning reserve capacities requirement.
3.2.3 Demand response constraints
The demand response is considered in this paper. Denote [image: image] and [image: image] as the predicted value of power and heat load. Thus, the actual value of power and heat load as
[image: image]
To guarantee user satisfaction, the total amount of load in the subperiod [image: image] is constant, and the demand change is limited.
[image: image]
[image: image]
where [image: image] and [image: image] are power and heat load change rate, respectively.
4 SOLVING STRATEGY
For brevity, the BLCEP model proposed in Section 3 is rewritten in matrix form, as follows
[image: image]
where [image: image] represents binary investment variables in upper level, including [image: image], [image: image] and [image: image]. [image: image] represents continuous operation variables in lower level, including [image: image], [image: image], [image: image], [image: image], [image: image], [image: image], [image: image], [image: image], [image: image] and [image: image]. [image: image] represents (1). [image: image] represents (4)–(7). [image: image] represents (8). [image: image] represents (10)–(36). [image: image] is a vector of dual variables of lower-level constraint [image: image].
Since the lower-level operation problem with fixed investment decision is linear, it can be replaced by corresponding KKT conditions as follows:
[image: image]
In (38), the non-linear constraint [image: image] can be handled using the Fortuny-Amat transformation as
[image: image]
where [image: image] a vector of binary auxiliary variable, and [image: image] is a large enough parameter. Replace[image: image] in (38) with (39), the proposed BLCEP model is transformed into a single-level mixed integer linear optimization problem that can be solved directly by commercial solvers.
5 CASE STUDY
In this section, a modified P6H8 system is utilized to testify the proposed model. The modified P6H8 system is shown in Figure 2, which comprised a six-buses electric power system and an eight-nodes district heating system. The planning horizon is 10 years, while each year is divided into three typical days (transition season, summer, and winter) with hourly timesteps. The candidate facilities data is presented in Table 1. The annual growth rate of the power load is 2.5%, and that of the heat load is 4%. The discount rate is 8%. The load change rate [image: image] and [image: image] are 15%.
[image: Figure 2]FIGURE 2 | A modified P6H8 system.
TABLE 1 | Candidate facilities data.
[image: Table 1]To compare and analyze the proposed model, two cases are employed as follows:
Case 1: Determine the planning strategy of IEHS using the BLCEP method without DR.
Case 2: Determine the planning strategy of IEHS using the BLCEP method with DR constraints developed in this paper.
All the test is performed on 11th Gen Intel(R) Core (TM) i7-1165G7 at 2.80GHz CPU, 16GB RAM system. The proposed BLCEP model is coded using Matlab R2020a with Gurobi 9.5.0 Solver.
5.1 Case 1
In Case 1, the IEHS is planned and operated in a coordinated mode without demand response. The installation year of candidate facilities is presented in Table 2, and the co-planning cost is presented in Table 3. During the whole planning horizon, five facilities (i.e., G1, G2, C1, W1, and E1) would have to be installed to satisfy increased loads at a total cost of $ 1.37×108.
TABLE 2 | Installation year of candidate facilities.
[image: Table 2]TABLE 3 | Cost comparison between Case 1 and 2.
[image: Table 3]5.2 Case 2
We consider a BLCEP method that considers demand response in Case 2. As shown in Figure 3, the peak power loads in the first summer and winter are transferred to valley periods by DR to facilitate the supply-demand balance of power. Due to the tight coupling of power and heat, valley heat loads can be shifted to peak periods in summer for dispatching CHP units to supply peak power loads. Hence, G2 is canceled, as shown in Table 2. As shown in Figure 4. the peak heat loads in the third winter are transferred to valley periods by DR to facilitate the supply-demand balance of heat, so that C1 is postponed.
[image: Figure 3]FIGURE 3 | Power loads curves in the first year.
[image: Figure 4]FIGURE 4 | Heat loads curves in the third year.
As shown in Table 2, Case 2 cancels G2 installation and postpones C1 installation in comparison to Case 1. Hence, the investment cost could be reduced by $ 0.43 × 108 even if G1 is installed ahead. Considering the shifted loads would like to be supplied by cost-effective units, the generator fuel cost is reduced by $ 0.13 × 108. Besides, wind curtailment costs are reduced by $ 2.02 × 106 by exploiting the flexibility of loads to consume wind power. As a result, the total cost is reduced by $ 0.44 × 108.
6 CONCLUSION
The proposed BLCEP framework achieves the game optimization of investment and operation, which can be utilized in CEP in other systems. DR is introduced in the BLCEP model and analyzed in the case study. It is found that DR would help the generation company with decision support to develop a more beneficial planning strategy.
The BLCEP model proposed in this paper is oriented to deterministic scenarios. However, intermittent renewable power outputs and variable load demands will bring challenges to IEHS economic and safe operation (Fu, 2022), ultimately affecting planning strategies. In our future works, the uncertainty of renewable power and load demands will be considered in our model.
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