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Soft open point-based energy storage (SOP-based ES) can transfer power in time and space and also regulate reactive power. These characteristics help promote the integration of distributed generations (DGs) and reduce the operating cost of active distribution networks (ADNs). Therefore, this work proposed an optimal operation model for SOP-based ES in ADNs by considering the battery lifetime. First, the active and reactive power equations of SOP-based ES and battery degradation cost were modeled. Then, the optimal operation model that includes the operation cost of ADNs, loss cost, and battery degradation cost was established. The mixed integer nonlinear programming model was transformed to a mixed integer linear programming model derived through linearization treatment. Finally, the feasibility and effectiveness of the proposed optimization model are verified by the IEEE33 node system.
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INTRODUCTION
Renewable energy power generation is a key measure to solve the contradiction between load growth, environmental protection, and energy shortage (Habibollahzade et al., 2018; Zhao and Chen, 2018). Renewable energy power generation is usually connected to the distribution network in the form of distributed generation (DG) (Badran et al., 2018; Naderi et al., 2018). The increasing integration of DG has a profound impact on the distribution network. In a traditional distribution network, power flows in a one-way radial from the slack bus to the load side; meanwhile, a DG may make power flow in multiple directions from multiple points inside the distribution network, an occurrence which will raise the voltage (Su et al., 2014). Flexible and controllable equipment are present in active distribution networks (ADNs) and can improve the operation efficiency and management level of ADNs.
A soft open point (SOP) is a new type of power electronic equipment which consists of two back-to-back voltage source converters (VSCs) and can replace the traditional tie switch (Bloemink and Green, 2010). An SOP’s flexible control characteristics and rapid response capability effectively deal with renewable energy fluctuation. An SOP can transfer power flow and regulate reactive power, thereby promoting the access level of DGs. Energy storage (ES) transfers the electric energy through the storage and release of the said energy, a feature which can effectively reduce the operating cost of the ADNs under the time-of-use (TOU) electricity price environment (Imani et al., 2019). The battery module of the ES can be connected to the DC bus of the SOP through a DC–DC converter to form an SOP-based ES. By controlling two VSCs and one DC–DC converter, the SOP-based ES has multiple functions such as energy storage, power flow transfer, and reactive power regulation (Yao et al., 2018). Therefore, investigating the optimal operation of SOP-based ES for reducing the operation cost and improving the operation efficiency of ADNs is of great significance.
Numerous research achievements exist on the operation strategy of an SOP in the ADNs. Ref. (Cao et al., 2016) reduced the loss of the distribution network by controlling an SOP. In fact, the control ability of the SOP is reflected not only in the loss reduction, but also in its voltage regulation ability. Most studies consider both loss and voltage quality and adopt a multi-objective optimization model to solve the problem. Ref. (Long et al., 2016; Ji et al., 2017; Li et al., 2017; Qi et al., 2017; Ji et al., 2018; Li et al., 2019; Shafik et al., 2019) proposed a variety of multi-objective optimization operation models of the active distribution network and used an SOP to reduce the distribution network loss and improve system voltage deviation. Some studies also considered load balancing. In (Sun et al., 2021), a long-term and short-term two-stage distribution network optimization model is established by considering the uncertainty of the renewable energy output. In the long-term model, the minimum loss and voltage unbalance are taken as the optimization objectives, and the operation point of the SOP is obtained. Then, according to the actual output of renewable energy sources, the short-term model responds to the actual output of renewable energy through droop control. Ref. (Shafik et al., 2019) improves the renewable energy utilization efficiency by controlling the tie switch and SOPs. Ref. (Lou et al., 2020; Wang et al., 2020) further reduces the voltage unbalance in the unbalanced distribution network by controlling the three-phase power of SOPs. In (Chen et al., 2020; Ding et al., 2020), the SOP was used to enhance the service restoration ability of a distribution network. As for the reliability of the distribution network, (Escalera et al., 2020; Yan et al., 2020) shows that the substitution of an SOP for a tie switch can improve distribution network reliability, especially for ADNs with DGs. However, research on SOP-based ES operation strategy is scant, and only Ref (Yao et al., 2018) utilized an SOP-based ES to reduce the loss of ADNs. This approach does not maximize the ability of ESs to transfer power in time to reduce the operating cost of the ADNs. In addition, the frequent charge and discharge of ES directly affects the lifetime of the battery module (Tran and Khambadkone, 2013). Therefore, the influence of SOP-based ES on the operating cost of the ADNs and the consideration of the battery lifetime are necessary.
To fill the aforementioned gaps, an optimal operation model for an SOP-based ES in the ADNs with regard for battery lifetime is proposed in this article. The main contributions of this work can be summarized as follows:
(1) The active and reactive power equations of an SOP-based ES are established, and the cost of battery degradation is deduced.
(2) An optimal operation model is established and considers the power exchange cost, loss cost, and battery degradation cost of the distribution network. Moreover, the original mixed integer nonlinear programming (MINLP) problem is transformed into a mixed integer linear programming (MILP) problem by linearization, thereby improving the solving efficiency and convergence.
(3) The effectiveness of the proposed optimization model is verified by the IEEE 33-node test system (Baran and Wu, 1989).
The remainder of this paper is organized as follows. The SOP-based ES is modeled in Section Modeling of SOP-Based ES. The optimal operation model of the SOP-based ES in the ADNs is established in Section Problem Formulation. Case studies are presented in Section Case Studies. Conclusions are drawn in Section Conclusion.
MODELING OF SOP-BASED ES
Active and Reactive Power Equations of the SOP-Based ES
The structure of an SOP-based ES is shown in Figure 1. The SOP-based ES has two VSCs and a DC–DC converter. The DC sides of the two VSCs are connected with the DC–DC converter, the AC sides are connected to the feeders, and the other side of the DC–DC converter is linked to the battery. The SOP-based ES can transfer the active power between feeders and store energy, and the AC side of VSCs can also regulate the reactive power. The power of the SOP-based ES meets the following constraints (Yao et al., 2018):
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where Pti,VSC and Pti,VSC are the active power injections of VSC i and j at time t. Ptm,ES is the active power consumption of the ES. PL,ti,VSC and PL,tj,VSC are the power losses of VSC i and j, respectively. PL,tm,DC is the power loss of the DC–DC converter ij. Ai,VSC, Aj,VSC and Aij,DC are the power loss coefficients. Qti,VSC and Ptj,VSC are the reactive power injections of VSC i and j. Si,VSC, Sj,VSC, and Sij,DC are the capacities of the VSC and DC–DC converter. Qmini,VSC and Qmaxi,VSC are the minimum and maximum reactive power injections of VSC i. Qminj,VSC and QmaxJ,VSC are the minimum and maximum reactive power injections of VSC j.
[image: Figure 1]FIGURE 1 | The structure of SOP-based ES.
Eq. 1 is the active power balance of the SOP-based ES. Eq. 2 is the power loss equation. Eqs. 3, 4 are the capacity and reactive power constraints, respectively.
ES must also meet the following constraints:
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where Ptm,ch,ES and Ptm,dis,ES are the charging and discharging powers of ES m. λtm is a binary variable if ES m is in the charging state, λtm =1, otherwise, λtm =0. SoC tm is the state of charge of ES m, and SoC 0m is the initial SOC. Δt is the time interval and equals one hour in this work. Capm is the energy capacity of ES m. ηm,ES is the ES efficiency. M is a sufficiently large number. SoCminm and SoCminm are the SOC limits of ES m. T is the total time intervals of an operation cycle.
Eq. 5 is used to obtain the charging and discharging powers. Eq. 6 is the relationship between SOC and the charging and discharging powers. Eq. 8 is the lower and upper limits of SOC. Eq. 9 indicates the SOC of ES in the last time interval and equals the initial SOC.
Lifetime Model of the Battery
The depth of cycle discharge is the key factor affecting the battery lifetime (Tran and Khambadkone, 2013). The charge and discharge cycles of a battery constitute the process from discharging to charging. That is,
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where cyctm is a binary variable and indicates the battery changes from a discharging to a charging state when cyctm = 1.
The cycle discharge depth dt−1m,cyc of the battery refers to the discharge depth dt−1m at the moment before charging and can be expressed as
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The cycle life Ntm,d of the battery can be expressed as the cycle discharge depth. That is,
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where N0 is the cycle number of the charge and discharge of a battery at 100% discharge depth. kp is a constant that usually between 1.1 and 2.1 (Tran and Khambadkone, 2013; Duggal and Venkatesh, 2014).
The equivalent life degradation Nm,de of the daily charge and discharge cycle can be expressed as (Duggal and Venkatesh, 2014)
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The battery cycle life in years Tm,life and the daily degradation cost Cm,ES can be formulated as:
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where Cm,inv,ES is the investment cost of ES and r is discount rate.
PROBLEM FORMULATION
Optimization Model
The objective function is to minimize the total daily operation cost C, including the power exchange cost, network loss cost, and battery degradation cost.
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where ctb, ct s, and cL are the electricity purchase price, electricity selling price, and loss cost, respectively. Ptb,grid and Ptb,grid are the active power purchase and selling. [image: image] is the total power loss and includes the line loss [image: image] and the VSC and DC–DC converter loss. Ωl and ΩSOP-ES are the sets of the branch and SOP-based ES, respectively.
The constraints of the optimization model include the power flow, PV generation, and network operation constraints.
Linearized DistFlow Equations
The power flow equations of an ADN can be expressed as
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where [image: image] and [image: image] are the active and reactive powers of the branch from nodes i to j. [image: image] and [image: image] are the active and reactive power injections at node j, respectively. [image: image] and [image: image] are the active and reactive power injections of the PV generations, respectively. [image: image] and [image: image] are the active and reactive powers of the load, respectively. [image: image] and [image: image] are the node voltage and its rated value, respectively. rij and xij are the resistance and reactance of branch ij, respectively. Constraints Eqs. 18–21 are the linearized DistFlow equations with power loss (Zhang et al., 2019). The power loss equation can be expressed as follows:
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PV Generations Constraints
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where [image: image] is the power factor of a PV converter.
Network Operation Constraints
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where Vmin and Vmax are the minimum and maximum node voltages, respectively. [image: image] is the branch capacity. Constraints Eqs. 22, 23 are the node and branch capacity constraints, respectively.
Model Linearization
Constraints Eqs. 2, 3, 13–15, 23, 24, 28 are nonconvex and nonlinear, and will affect the solution efficiency and convergence. Linearization can help solve this problem.
Constraints Eqs. 14, 15 can be approximately treated as the following linear function (He et al., 2017)
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where Lm,de and Km,de are linear parameters that can be obtained by linear fitting.
The power function terms z = yσ (σ > 1) in Constraints Eqs. 13, 23, 24 are linearized as Eq. 30 (Wang et al., 2020),
[image: image]
where [image: image], y is a positive value that is greater than the absolute value of y0. Lk is the slope at the linear function of segment k. y will converge to the absolute value of y0 because the objective function minimizes line power loss. Figure 2A shows that zk ≥ max{z1, z2, …, zk−1, zk+1, …} when (k−1) Δy ≤ y ≤ k Δy. Therefore, z ≥ zk provides a lower bound for z, and the objective function helps z converge to zk. This proposed linearization method excludes the integer variables and improves the solving efficiency.
[image: Figure 2]FIGURE 2 | Piecewise linearization for the power function term and circle term; (A) power function term; and (B) circle term.
The circle terms in Constraints Eqs. 2, 3, 28 can be linearized with the replacement of a regular polygon, as shown in Figure 2B. Constraint Eq. 2 is an equation constraint and should be relaxed to an inequality constraint (Yao et al., 2018). These convex second-order conic models y2 + z2 ≤ R2 can be linearized as follows:
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where ai and bi are the linear equation coefficients.
The absolute value constraint in Constraint Eq. 2 can be linearized as follows:
[image: image]
CASE STUDIES
The IEEE 33-node test system is used to verify the feasibility and efficiency of the proposed model. The simulation program is tested on the MATLAB R2016b-YALMIP platform (Lofberg, 2004), and the optimization models are solved by CPLEX (IBM ILOG CPLEX Optimization Studio, 2020). YALMIP is an open source software that provides interfaces for MATLAB and solvers. CPLEX is a mathematical programming solver developed by IBM and can effectively solve MILP problems. The hardware device is a computer with Intel Core i7-8700 @ 3.2 GHz and 16 GB RAM.
Parameter Settings
The IEEE 33-node system has two SOP-based ESs and eight PV generations (Figure 3). The system parameters can be found in (Baran and Wu, 1989). Each SOP-based ES include two VSCs, a DC–DC converter and an ES. The capacity of each VSC is 300 kVA, and the DC–DC capacity is 300 kW. The energy capacities of ES one and two are both 2000 kWh. The power loss coefficient of the VSC and DC–DC converter is 0.02. The capacity PV converter is 500 kVA. The voltage limits are (0.95, 1.05) p.u.. The load demand and PV generation and electricity price are shown in Figures 4, 5, respectively. The network loss cost is $0.5/kWh. The investment cost of the ES one and two are both $200/kWh, the cycle number of ES one and two N0 = 1,591, and the constant kp = 2.09. The initial SOC values of ES one and two are both 0.5, and the minimum and maximum SOC values of ES one and two are 0.2 and 0.9, respectively.
[image: Figure 3]FIGURE 3 | IEEE 33-node system with SOP-based ES and PV generations.
[image: Figure 4]FIGURE 4 | Load demand and PV generation.
[image: Figure 5]FIGURE 5 | Daily electricity price.
Optimization Results Analysis
Four cases are used to evaluate the effect of the SOP-based ES and battery degradation.
Case 1: Without SOP-based ES.
Case 2: Two SOPs exist in the system, and no ES connects to the SOP DC side.
Case 3: Two SOP-based ESs exist in the system (Figure 4), and the battery degradation is not considered.
Case 4: Two SOP-based ESs exist in the system (Figure 4), and the battery degradation is considered.
The optimization results are shown in Table 1. As no ES exists in Cases 1 and 2, the difference in the TOU electricity price cannot be fully utilized to reduce the operating cost of the ADN. The SOP in Case 2 reduces power losses, thereby resulting in lower power purchase costs and loss costs and increase in revenue from electricity sales. Therefore, the total cost in Case 2 is slightly lower than that in Case 1 and the total cost is highest for Case 1. In Cases 3 and 4, the operating cost of the ADN is reduced by controlling the storage and release of energy. Although SOP-based ES loss is included in Cases 3 and 4, the total loss cost is lower than that in Cases 1 and 2. Given that SOP-based ES can balance the feeder load and compensate for reactive power, this feature helps reduce the line loss. In addition, the ES degradation cost is considered in Case 3, so the degradation cost in Case 3 is lower than that in Case 2. The cycle life of ES one and of ES two in Case 3 can reach 15.1 and 10.7 years, respectively. By contrast, the cycle life of ES one and of ES two in Case 2 are only 8.3 and 7.5 years, respectively.
TABLE 1 | Optimization results.
[image: Table 1]Figure 6 depicts the maximum and minimum voltage profiles of ADN in Cases 1–4. In Case 1, the maximum voltage of Nodes 8–17 violates the voltage upper limit, while the minimum voltage is less than the voltage lower limit. Given the peak output of PV generation, the power flow reverses, thereby causing the voltage at the end node to rise. When the PV output is low, the load causes the voltage to decrease. The SOP in Case 2 improves the voltage profile by transferring power flow and adjusting reactive power, but some nodes (Nodes 12–17 and 28–32) still violate the voltage constraint. However, the SOP-based ESs in Cases 2 and 3 not only have the functions of transferring active power and regulating reactive power, but also have the ability to store and release active power, so the voltage profile is significantly improved.
[image: Figure 6]FIGURE 6 | Voltage profile of ADN in Cases 1–4; (A) Case 1, (B) Case 2, (C) Case 3 and (D) Case 4.
The SOC of ESs one and two in Cases 3 and 4 are shown in Figure 7. The ESs are in the charging state from t = 4 to 6 h because of the low price of electricity. In t = 9 and 10 h, the ESs discharge because electricity prices and load demand increase. From t = 12 to 14 h, the SOC increases again because the PV output increases but the load decreases. From t = 19 h, the ES discharged due to the increased load. Moreover, the SOC in Case 3 is higher than that in Case 2, a situation which can avoid excessive discharge and extend the battery life.
[image: Figure 7]FIGURE 7 | The SOC of ES in Cases 2 and 3, (A) ES 1, and (B) ES 2.
Figure 8 depicts the active power of the SOP-based ESs in Case 3. The active power of VSC 21 and ES one are positive and negative, respectively, from t = 4 to 6 h. Thus, the SOP-based ES one transfers the active power from Node 21 to ES 1. As the PV output is 0 and Node 21 is close to the slack bus, Node 11 is far from the slack bus with a lower voltage. Similarly, SOP-based ES two mainly transfers the active power from Node 32 to ES two at this period. From t = 9 h, the ES starts to discharge. As the PV output is higher, the voltage at the end nodes of the branch increases, so VSCs 21 and 32 inject active power, while VSCs 11 and 17 absorb active power. From t = 12 h, the ESs start to charge again when the PV output is highest. Given that VSC 21 is close to the balance node, the active power of VSC 21 is injected into Node 21, while other VSCs absorb active power. From t = 18 h, the PV output is 0, and the voltage at the end node is relatively low. Thus, VSC 21 absorbs active power, whereas other VSCs inject active power.
[image: Figure 8]FIGURE 8 | Active power of SOP-based ESs in Case 4; (A) SOP -based ES 1, (B) SOC-based ES 2
Figure 9 shows the reactive power of SOP-based ESs in Case 4. When the PV output is low or absent (t = 1–6 h and 19–24 h), all the output reactive power of VSCs improves the system voltage and reduces the power loss. When the PV output is high (t = 11–16 h), power flow reverse leads to voltage increase and the VSC absorption reactive power reduces system voltage.
[image: Figure 9]FIGURE 9 | Reactive power of SOP-based ESs in Case 4 (A) SOP -based ES one and (B) SOC-based ES 2
Computing Performance
To verify the validity and convergence of the proposed linearized model, Table 2 provides the comparison of optimization results and the computing time between the proposed MILP model and the original MINLP model solved by Knitro (Artelys Knitro, 2020). The solving efficiency of the MILP model is noticeably improved by linearization. The original MINLP problem is a nonconvex one for which obtaining the optimal solution is difficult. The nonconvex problem is transformed into a convex optimization problem by linearization, and its convergence is further improved.
TABLE 2 | Convergence and solving efficiency of different models.
[image: Table 2]CONCLUSION
In this study, the optimization operation model of SOP-based ESs in ADNs is presented, and the battery degradation cost is considered. The effectiveness and performance of the proposed model is validated by case studies. The ability of SOP-based ESs to transfer power in time and space not only promotes the integration of DG, but also reduces the operating cost of the ADNs. By considering the battery degradation cost in the optimization model, excessive discharge can be avoided and battery life can be prolonged. The MILP proposed in this paper further improves the solving efficiency and convergence of the optimization model and helps identify the optimal solution. The research in this work is helpful for improving the operation management of ADNs and promoting the further development of renewable energy.
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