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Energy management of virtual power plants (VPPs) directly affects operators’ operating profits and is also related to users’ comfort and economy. In order to provide a reasonable scheme for scheduling each unit of the VPP and to improve the operating profits of the VPP, this study focuses on the optimization of VPP energy management under the premise of ensuring the comfort of flexible load users. First, flexible loads are divided into time-shiftable load (TL), power-variable load (PL), and interruptible load (IL), and their accurate power consumption models are established, respectively. Then, aiming at maximizing the operation profits of a VPP operator, an optimization model of VPP energy management considering user comfort is proposed. Finally, the improved cooperative particle swarm optimization (ICPSO) algorithm is applied to solve the proposed VPP energy management optimization model, and the optimal scheduling scheme of VPP energy management is obtained. Taking a VPP in the coastal area of China as an example, results show that the optimization model proposed in this article has the advantages of good economy and higher user comfort. Meanwhile, the ICPSO algorithm has the characteristics of faster optimization speed and higher accuracy when solving the problem with multiple variables.
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INTRODUCTION
The problems of global energy crisis, climate warming, and environmental degradation have become increasingly prominent, which seriously threatens the survival and sustainable development of mankind (Yu et al., 2019; Elmorshedy et al., 2021). Developing renewable energy represented by wind energy and solar energy has gradually become an important way to protect the environment and lead the energy transformation (Hannan et al., 2021; Vohra and Sano, 2021). Wind power and photovoltaic power generation are widely used and popularized because of their advantages of low cost, no pollution, high flexibility, and high reliability (Mohammad et al., 2017). In 2019, the cumulative installed capacity of wind power and photovoltaic power generation in China will exceed 200 GW (Yang et al., 2020). However, due to uncertainties in natural factors such as wind speed and light intensity, wind turbines and photovoltaic power generation fluctuate greatly in time scale (Naughton et al., 2021). When large-scale new energy cannot be consumed locally, its grid connection will bring great challenges to the safe and stable operation of the power grid (Shabani and Kalantar, 2021). A VPP is a complex of renewable energy, energy storage system (ESS), conventional generator set, and adjustable load, and it is an effective way to realize local consumption of renewable energy (Luo et al., 2020; Dilantha et al., 2021). Through sensors, controllers, and communication networks, the VPP realizes the cooperative operation of its internal units and participates in electricity market transactions (Baringo et al., 2019). The operation mode of the VPP can optimize the overall energy efficiency and, at the same time, improve the economic benefits for various subjects (Zhang et al., 2021).
There are two modeling methods of VPP energy management: “top-down” and “bottom-up.” “top-down” is a modeling method based on existing operation data, which regards each unit in the VPP as an energy node and does not involve the mechanism model of a single unit (Zhao et al., 2018). Qu et al. put forward a comprehensive demand response model based on the price elasticity matrix, which explained the degree of influence of electricity consumption by electricity price, weather, day type, and other related factors (Qu et al., 2018). Li et al. compared and analyzed the VPP participation in the construction of the peak shaving and frequency modulation service market mechanism in different cities from four angles of market composition, market access, quotation clearing, and settlement and provided suggestions for the improvement of the VPP market mechanism (Li et al., 2021). “bottom-up” is a modeling method for constructing an equipment mechanism model based on factors such as equipment thermodynamic parameters and user behavior. Yoon et al. first established the mathematical model of residential air conditioning load and analyzed the response characteristics of monomer and polymerization load. On this basis, a linearized interactive demand response control strategy based on real-time electricity price was introduced to realize the control of a single air conditioning (Yoon et al., 2014). Zhu et al. first modeled the load of household appliances in detail and then developed a bottom-up residential electricity demand engineering model considering energy consumption and user comfort (Zhu et al., 2019). The “bottom-up” modeling method can more effectively reflect the effect of the control strategy. Combining the “top-down” and “bottom-up” modeling methods, this article establishes a VPP energy management model based on time of use tariff, which considers the subsidy cost of user comfort brought by applying flexible load adjustment and incorporates this cost into the objective function.
A VPP can carry out flexible load adjustment according to the hourly matching relationship between supply and demand of the system, so as to cope with the imbalance between supply and demand in some periods. Accurate description of flexible load can achieve the goals of less energy consumption, better economy, and higher user satisfaction (Yu et al., 2018). Mears and Martin considered the flexible load in the energy management of VPPs. By controlling the flexible load, the VPP can run more economically and stably. However, Mears and Martin did not analyze the accurate modeling of flexible load in detail (Mears and Martin, 2020). On the basis of considering IL and conventional load, Tan et al. established the VPP optimal scheduling model of carbon capture and waste incineration, which can effectively reduce the net cost and carbon emission of VPPs, realize the effective utilization of internal resources, and optimize the energy structure (Tan et al., 2021). Wang et al. considered TL and IL optimization in the VPP energy management system, but did not consider PL (Wang et al., 2020). In this article, PL is added to the existing research, and TL, PL, and IL are modeled more accurately.
The VPP energy management optimization problem is a nonlinear complex combinatorial optimization problem. For this kind of problem, the mixed integer quadratic programming method is often used to solve the model. However, because the VPP energy management model has many dimensions of variables, applying this method to solve the problem will bring about a double increase in computation and a “dimension disaster.” However, when solving nonlinear problems, the meta-heuristic algorithm does not need to transform nonlinear problems into linear problems, and its dimensions will not be multiplied. It can effectively deal with the solution of multidimensional models and can approach the optimal solution more quickly than the mixed integer quadratic programming method. Yang et al. used the multi-objective particle swarm optimization algorithm to solve the optimal real-time power allocation in the hybrid energy storage system (Yang et al., 2019). In the study by Mellouk et al. (2019), a parallel hybrid genetic algorithm was proposed to solve the energy management problem of the microgrid. In addition to the above two algorithms, other heuristic methods can be used to solve such problems, such as ant colony optimization (ACO) (Liang et al., 2020), artificial fish swarm algorithm (Zhang et al., 2019; Tirkolaee et al., 2020), and grey wolf optimization algorithm (Azizivahed et al., 2017). Among these heuristic methods, the particle swarm optimization (PSO) has become the preferred algorithm for solving complex nonlinear and nonconvex problems (Lin et al., 2009) because of its simple structure and few adjustment parameters (Charalampakis and Tsiatas, 2019). When using the standard PSO algorithm to solve the energy management problem of VPPs, each particle must include the adjustment schedule of all power generation and consumption equipment in VPPs. The PSO algorithm will encounter the problem of “two steps forward and one step backward” (Bergh and Engelbrecht, 2004), that is, when the optimization is carried out to a certain extent, due to the huge dimensions of particles, some dimensions of particles are close to the optimal solution, while the remaining dimensions are far from the optimal solution. In order to optimize the dimensions that deviate from the optimal solution, there is a certain chance that the dimensions that are close to the optimal solution will deviate from the optimal solution, resulting in difficulties in convergence. In order to overcome this difficulty, the cooperative particle swarm optimization (CPSO) algorithm was proposed in the study by Bergh and Engelbrecht (2004), which was implemented using the method of “divide and conquer.” The CPSO algorithm divides a day’s unit adjustment schedule into several continuous parts, each part is optimized by a particle swarm, and each subgroup iterates in sequence, which can speed up convergence. However, when particle precocity occurs, the slight deficiency of the first population will cause the fitness function of the last population to change seriously, and then all subgroups will fall into the local optimal state. In order to solve the problems in the CPSO algorithm, many methods to improve the CPSO algorithm have been proposed. Zhu et al. proposed the CPSO algorithm with particle reinitialization, but reinitialization will reduce the performance of the algorithm (Zhu et al., 2015). Riget and Vesterstrøm put forward a particle attraction and repulsion method to improve the CPSO algorithm, but the probability function of this method was fixed on the number of iterations, so this algorithm could not adapt well to the change of particle diversity (Riget and Vesterstrøm, 2002). In this study, a simulated annealing formula is introduced into the CPSO, and annealing is selected based on the probability function of particle diversity. Starting from a higher initial temperature and with the decrease in temperature parameters, the global optimal solution of the objective function is randomly selected in the feasible region with a certain probability, thus increasing the diversity of particles and avoiding premature particles.
Therefore, based on the ICPSO algorithm, a VPP energy management model considering user comfort is established in this article. The main contributions can be summarized as follows: 1) TL, PL, and IL are accurate, the adjustable potential of multiple types of loads is fully exploited, the influence mechanism of power market transaction on flexible load adjustment is revealed, and the cooperative and complementary relationship of different types of flexible loads in the adjustment process is obtained. 2) Considering the cost of flexible load adjustment, a complex nonlinear VPP energy management model is established with the goal of maximizing the overall operating income of the VPP, which achieves the goal of improving the operating income of the VPP without significantly affecting the comfort of users. 3) Based on the diversity of particles, a simulated annealing formula is introduced into the CPSO algorithm, and the ICPSO is proposed, which improves the global search ability of the algorithm.
The following main contents of this article can be summarized as follows: Section 2: Basic principles and flexible load modeling of the virtual power plant; Section 3: Energy management model of the virtual power plant; Section 4: Improved cooperative particle swarm algorithm; Section 5: Case introduction; Section 6: Analysis of optimization results; Section 7: Conclusion.
BASIC PRINCIPLE OF VIRTUAL POWER PLANT AND FLEXIBLE LOAD MODELING
Basic Principles of Virtual Power Plant
A VPP is a cooperative polymer including power generation equipment, power consumption equipment, and energy storage equipment. The generator sets in the VPP include fossil energy generator sets and distributed new energy generator sets such as wind power and photovoltaic power generation. The electrical equipment is flexible load with adjustable characteristics and also includes energy storage equipment. The VPP operation mode is to realize interactive transactions between generator sets, flexible loads, and the electricity market by controlling the output of power generation equipment and adjusting flexible loads and to participate in the power grid demand response while consuming new energy generation. Its operation structure is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Structure of a typical VPP.
Flexible Load Modeling
According to the load scheduling mode, this article divides the flexible load into TL (such as washing machine, dishwasher, etc.), PL (such as air conditioning, water heater, etc.), and IL (such as lighting, production load, etc.).
TL refers to the load that can change the energy consumption time within a scheduling period, where the load power shifted from t period to t' period can be expressed as follows:
[image: image]
where PTL (t, t′) is the load shift power from t period to t' period; NTL (t, t′) is the shift load number from t period to t' period; ΔPTL is the TL unit shift power.
When PTL (t, t′) shifts to t' period, the load power of TL in t' period will increase correspondingly, which can be expressed as follows:
[image: image]
where PTL (t′) is the TL load power in t' period after considering TL shift from t period to t' period; P0 TL (t') is TL load power in t' period before load adjustment.
PL refers to the load that changes its working power within the acceptable range of users, such as air conditioning, water heater, and other temperature control equipment. This study takes air conditioning as an example to establish a dynamic model of indoor temperature and PL load power.
[image: image]
where R is the thermal resistance of the building shell; C is the heat capacity of indoor air; Pi PL (t) is the working power of air conditioning equipment i in t period; Tin,i (t) is the indoor temperature of the building where air conditioning i is located in t period; Tout (t) is the outdoor temperature in t period.
After PL load adjustment, PL load power in t period can be expressed as follows:
[image: image]
where NPL is the number of PL.
IL is a load that can directly interrupt its operation, and its adjustment model can be expressed as follows:
[image: image]
where PIL(t) is the IL load power after adjustment in t period; P0 IL (t) is the IL load power before adjustment in t period; NIL (t) is the number of interrupted loads in t period; ΔPIL is IL unit interrupt power.
ENERGY MANAGEMENT MODEL OF VIRTUAL POWER PLANT
Objective Function
On the premise of not significantly affecting user comfort, this study aims to maximize the profits of VPP operators, establishes a VPP energy management model, and optimizes the operation strategy of each unit in the VPP. After the power grid delivers the demand response task, the VPP responds to the power grid through load adjustment. During the power grid demand response period, the VPP will sell as much electricity as possible to the electricity market to complete the power grid demand response task.
In the non-demand response period of the power grid, VPP will absorb as much new energy as possible. The profit of VPP operators can be divided into sales revenue [ISE (t)], income from participating in demand response [IDR (t)], electricity purchase cost [CBUY (t)], operation and maintenance cost [CO&M (t)], flexible load adjustment cost [CD (t)], and wind power and photovoltaic power generation cost [CW&P (t)].
[image: image]
1) Sales revenue, which includes the revenue from the VPP selling electricity to the electricity market and to load.
[image: image]
where λem (t) is the electricity price of the VPP selling to the electricity market in t period; Psell em (t) refers to the power that the VPP sells to the electricity market in t period; Δt is the time interval; λload (t) is the electricity price of the VPP for flexible load users in t period. Psell load (t) refers to the power that the VPP sells to flexible load users in t period.
2) Revenue obtained by participating in demand response. The VPP signs a demand response contract with the electricity market in advance to define the transaction power standard in each period. When the transaction standard is reached, the electricity market issues rewards to the VPP; otherwise, the electricity market imposes penalties on the VPP. Revenue obtained by VPP participation in demand response can be expressed as follows.
[image: image]
where cup is the reward for unit over-selling electricity when the transaction standard is reached; Pstd em (t) is the transaction power standard in t period; cstd is the basic reward for meeting the transaction standard; cdowm is the penalty imposed when the transaction standard is not met.
3) Cost of electricity purchase. It is the cost of electricity purchase from the electricity market to the VPP.
[image: image]
where Pbuy em (t) refers to the power purchased from the electricity market in t period.
4) System operation and maintenance cost, which consists of the operation and maintenance cost of ESS and conventional units.
[image: image]
where CESS (t) and CG (t) are, respectively, the operation and maintenance costs of ESS and conventional units in t period, which are calculated using the following formula.
ESS charging and discharging will cause loss to ESS, and its operation and maintenance cost can be expressed as follows.
[image: image]
where aESS, bESS, and cESS are, respectively, the quadratic, linear, and constant consumption characteristic parameters of ESS. PESS(t) is the charging and discharging power of ESS in t period. When it is positive, ESS is discharged and when it is negative, ESS is charged.
Operation and maintenance costs of conventional units can be expressed as follows.
[image: image]
where cG is the unit power generation cost of conventional units; PG (t) is the output power of the conventional unit in t period; koc is the unit operation and maintenance cost of conventional units; uG (t) is a Boolean variable, indicating whether the conventional unit is started in t period. When the unit changes from shutdown to running state in t period, uG (t) is 1; otherwise, uG (t) is 0. SG is the start-up cost of conventional units.
5) Flexible load control cost.
Flexible load adjustment cost consists of the adjustment costs of TL, PL, and IL. As far as TL is concerned, considering TL users’ comfort requirements, the VPP tries its best to shift TL to the user satisfactory period. When shifting to the unsatisfactory period, it is necessary to provide corresponding financial subsidies to users. In addition, the adjustment of PL and IL also needs to subsidize users in the form of incentives. The cost of flexible load adjustment can be expressed as follows.
[image: image]
where CTL (t), CPL (t), and CIL (t) are, respectively, TL, PL, and IL adjustment costs in t period.
The cost of TL adjustment is defined as unsatisfactory period Tdis and satisfactory period Tsat. The cost of TL adjustment is calculated according to the type of TL turn-in period (Tdis or Tsat) and turn-in power. Its expression is as follows.
[image: image]
where cTL is the TL compensation coefficient; u (t) is the utility function of TL load in t period. When the turn-in period of TL is the unsatisfactory period, u (t) = 1; otherwise, u (t) = 0. ΔPi TL (t) is the load turn-in amount of TL load i in t period. The effect function can be expressed using the following formula.
[image: image]
PL adjustment cost subsidizes the difference between the actual temperature and the expected comfortable temperature after PL adjustment, which can be expressed as follows.
[image: image]
where cPL is the temperature subsidy coefficient of PL participating in power demand response; T* i (t) is the expected temperature in t period; Ti(t) is the actual temperature in t period.
IL adjustment cost subsidizes users’ loss due to power failure according to the power interruption, and it can be expressed as follows.
[image: image]
where cIL is the interruption subsidy unit price of IL participating in power demand response.
6) Wind power and photovoltaic power generation cost. It can be expressed as follows.
[image: image]
where FW and FS are, respectively, the cost coefficients of wind power and photovoltaic power generation. PW (t) and PS (t) are, respectively, the output power of wind power and photovoltaic power generation in t period.
Constraints
Considering the operation constraints of each unit in the VPP, conventional unit constraints, ESS charging/discharging constraints, flexible load adjustment constraints, and energy supply and demand matching constraints are set for this model as follows.
1) Conventional unit constraints.
[image: image]
[image: image]
where Pmax G and Pmin G are, respectively, the upper and lower limits of the output power of the conventional units; wG (t) is a Boolean variable, which indicates whether the conventional unit works in t period. It is 1 when working and 0 when not working.
2) ESS charging/discharging constraints.
The constraints consist of ESS charging and discharging power and operating conditions. The charging and discharging power of ESS in each period has corresponding upper and lower limits.
[image: image]
where Pch,max is the maximum charging power of ESS; Pdis,max is the maximum discharging power of ESS.
The limit of the state of charge for ESS is expressed as follows.
[image: image]
where the state of ESS charging and discharging is expressed as follows.
[image: image]
where SOC (t) is the state of charge of ESS in t period; ηc is ESS charging efficiency; ηd is ESS discharging efficiency; EESS is the ESS storage capacity.
3) Flexible load adjustment constraints.
TL turn-in power constraint is as follows.
[image: image]
where PTL (t) is the power consumption of TL in t period after load adjustment; Pmax TL (t) is the power upper limit of TL in t period after load adjustment.
TL turn-in period constraint is as follows.
[image: image]
where Tdis∪Tsat is the load shiftable period.
PL indoor temperature constraint is as follows.
[image: image]
where Tmin i (t) and Tmax i (t) are, respectively, the lower limit and upper limit of the indoor comfort temperature boundary of the building where air conditioning i is located in t period.
IL interrupt power constraint is as follows.
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4) Energy supply and demand matching constraints
[image: image]
where PFL (t) is the total flexible load in t period, which can be expressed as follows:
[image: image]
IMPROVED COOPERATIVE PARTICLE SWARM OPTIMIZATION ALGORITHM.
The VPP energy management model is a complex nonlinear combinatorial programming problem with huge particle dimension. When solving this kind of problem, the basic PSO has the problem of “two steps forward and one step backward.” In order to improve the convergence performance of the algorithm, this article refers to the annealing formula (Lu, 2021) in the simulated annealing algorithm and proposes an annealing method based on particle diversity to improve the CPSO algorithm.
Cooperative Particle Swarm Optimization Algorithm
The PSO algorithm randomly generates a group of particles with position vector x and velocity vector v in the search space at first. After initialization, it iterates according to the update formula of particle position and velocity and simulates the movement of particles in the search space. The updating formulas of particle velocity and position are as follows.
[image: image]
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where k is the current iteration number. i is the particle label. w is inertia weight. c1 and c2 are learning factors.
r1 and r2 are random values between 0 and 1. pk besti is the current optimal position of particle i. gk best is the current global optimal position.
Based on the traditional PSO algorithm, the CPSO algorithm divides the dimension D of particles into D subgroups in turn, and each subgroup optimization belongs to a dimension of particles. After updating each subgroup every time, all dimensions are combined into a complete vector (e.g., except for the ith dimension of the ith subgroup, the other D-1 dimensions were the current optimal position), and the fitness value of the complete vector is calculated to update the optimal position of each particle, the optimal position of each subgroup, and the global optimal position in each subgroup. In each iteration, the particles of each subgroup are replaced by the positions of the corresponding dimensions of the complete vector until the optimal values of all dimensions are obtained.
Improved Cooperative Particle Swarm Optimization Algorithm
In this study, the simulated annealing formula is introduced into the CPSO algorithm. Starting from a certain high initial temperature, with the decrease in temperature parameters, the global optimal solution of the objective function is randomly selected in the solution space with a certain probability to increase the diversity of particles and avoid premature particles. The calculation steps of the ICPSO algorithm are as follows.
Step 1: First, on the premise of satisfying the constraint conditions, initialize the PESS (t), PG (t), PTL (t), PPL (t), PIL (t) in each period of 24 h, and the initial particle position X = [PESS (1), … PESS (T), PG (1), …, PG (T), PTL (1), …, PTL (T), PPL (1), …, PPL (T), PIL (1), …, PIL (T)] and particle velocity V are set. Then, the 24-h unit scheduling schedule is divided into four sub-unit scheduling schedules, that is, particle sub-population, with 6 h as the interval scale.
Step 2: Combining the particles of each subgroup into a complete particle vector, calculate the objective function value of the complete particle vector according to Eq. 6, and record the current position of each particle in each subgroup as the particle optimal position p1 best, s, i and the global optimal position g1 best, s.
Step 3: According to the probability function of particle diversity, randomly select whether the subgroup is subjected to particle oscillation annealing. The particle diversity can be expressed as follows.
[image: image]
where Divk j is the current particle diversity of population j at the kth iteration; n is the number of particles; D is the particle dimension; xk id is the dth dimension of the ith particle at the kth iteration; xk d is the average of the dth dimension of all particles.
The result is then mapped to panneal by the sigmoid function from Eq. 33, which is a value between 0 and 1. Then, according to the random number, the particle velocity position is updated normally or after annealing oscillation.
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Step 4: Perform simulated annealing for each particle in the subgroup and perform step 6 after this step. The initial annealing temperature of the subgroup is set as follows.
[image: image]
A new particle x' = x+Δx is generated in the field of each particle, and the increment of objective function value Δf (x) = f (x')−f (x) is calculated. The probability of preserving the original particles (preserve) is calculated as follows.
[image: image]
Then, judge whether to keep the original particles:
[image: image]
The simulated annealing operation of the above particles is performed lk times. The temperature is reduced according to the temperature attenuation updating formula after each execution:
[image: image]
where δ is the annealing coefficient.
Step 5: Updating the velocity and position of each particle in the subgroup according to Eq. 30 and Eq. 31.
Step 6: The current position of each particle in the subgroup and the current optimal position of other particles in the subgroup are combined into a complete vector, the objective function value of the complete vector is calculated, and the optimal position of each particle in the subgroup and the global optimal position of the subgroup are updated.
Step 7: To judge whether all subgroups are updated. If not, go to step 3, and if all subgroups are updated, execute the following steps.
Step 8: To judge whether the maximum iteration times have been reached. If so, stop iteration and output the optimal VPP scheduling plan. If not, go to step 2.
The flow chart of the ICPSO algorithm is shown in Figure 2.
[image: Figure 2]FIGURE 2 | Overall flow chart of the ICPSO algorithm.
CASE STUDY
In this study, a VPP in the coastal areas of China is taken as an example to verify the above energy management model. The VPP includes conventional generator set, distributed wind turbine, distributed photovoltaic, ESS, and flexible load. The rated capacity of the conventional generator set is 2 MW, and the minimum output of the conventional generator set is 0.5 MW. The maximum discharging power and charging power of ESS are 0.7 and 0.5 MW, respectively, and the charging and discharging efficiency is 90%. The time of use adopted in this study includes the transaction price between the VPP and the power market (market price) and the transaction price between the VPP and flexible load users (load price), as shown in Figure 3.
[image: Figure 3]FIGURE 3 | Time of use.
Both the output power of wind turbine, photovoltaic, and the flexible load power of TL, PL, and IL are shown in Figure 4.
[image: Figure 4]FIGURE 4 | Temporal distribution of wind power output, photovoltaic power output, and flexible loads.
This case assumes that the TL non-shiftable periods T0 are 1:00–5:00 and 23: 00–24: 00. The idle periods of PL demand (the periods without requirements for indoor temperature) T1 and T2 are 9:00–12:00 and 14: 00–18: 00, respectively. The demand response periods are 6:00–8:00 and 16:00–19:00. Outdoor temperature is a typical daily temperature distribution in summer, as shown in Figure 5.
[image: Figure 5]FIGURE 5 | Distribution of ambient temperature.
Relevant parameter settings of the VPP energy management model are shown in Table 1.
TABLE 1 | Basic parameters of the proposed model.
[image: Table 1]OPTIMIZATION RESULT ANALYSIS
Verification of the Improved Cooperative Particle Swarm Optimization
To verify the superiority of the proposed algorithm, four typical benchmark functions (Tablet, Quadric, Griewank, and SchafferF7) were selected, and the proposed algorithm was compared with the PSO, the Genetic Algorithm (GA), and the CPSO algorithms. Among them, the first two functions are single-mode functions, and the last two functions are multi-mode functions. The expressions and variable ranges of the four functions are shown in Table 2.
TABLE 2 | Benchmark function.
[image: Table 2]The parameters of the four algorithms are set as follows: the maximum number of iterations is 100 and the number of particles is 50. Under MATLAB 2018a running environment, the ICPSO, the PSO, the GA, and the CPSO are used to run the above four functions 50 times, and the mean deviation (MD) and square deviation (SD) of the 50 times results are calculated. The results are shown in Table 3.
TABLE 3 | Comparison results of the ICPSO, the PSO, the GA, and the CPSO algorithms.
[image: Table 3]It can be seen from Table 3 that the PSO, the GA, and the CPSO algorithms can accurately solve single-mode functions, and the CPSO algorithm is usually superior to the PSO and the GA algorithm when the particle dimension increases. When solving multimodal functions, the PSO, the GA, and the CPSO can complete the optimization, but the SD of solving such functions is too large due to the single way of updating particles. Compared with other algorithms participating in the comparison, the ICPSO algorithm proposed in this study has the best performance in solving multi-modal problems and multi-time particle dimensions.
Analysis of VPP Optimization Results Considering Flexible Load Adjustment
In order to analyze and consider the influence of flexible load adjustment on the operation of each unit in the VPP, this study calculates the optimization results of VPP energy management without considering flexible load adjustment (case1), only considering IL adjustment (case2), and considering three types of flexible load adjustment (case3), as shown in Figures 6–8.
[image: Figure 6]FIGURE 6 | Optimization results of case 1.
[image: Figure 7]FIGURE 7 | Optimization results of case 2.
[image: Figure 8]FIGURE 8 | Optimization results of case 3.
In Figures 6–8, the electricity quantity traded in the electricity market is greater than zero to buy electricity from the electricity market, and less than zero to sell electricity to the electricity market. ESS greater than zero indicates ESS discharging, and ESS lower than zero indicates ESS charging. Comparing Figures 6–8, it can be seen that the overall market electricity sales of case 1 is low, and according to the data calculation, the market electricity sales of case 1 is 25.10 MWh. Compared with case 1, in order to obtain higher economic benefits, case 2 and case 3 increased the market sales through load adjustment. According to the calculation, the market electricity sales in case 2 and case 3 are 47.13 MWh and 59.56 MWh, respectively, which are 22.03 MWh and 34.46 MWh higher than those in case1, and the increase is mostly concentrated in the demand response period. It should be noted that in terms of market power consumption, case 2 is 1.25 MWh less than case 1, while case 3 is 0.57 MWh more than case1. This is because in case 3, TL is shifted from the demand response period to the non-demand response period, which leads to an increase in the market purchasing power of the VPP in the non-demand response period. However, the amount of electricity purchased by the VPP in the non-demand response period has increased, resulting in a part of electricity purchase cost. The amount of electricity sold by the VPP in the demand response period will also increase correspondingly, resulting in electricity sales revenue. As this part of sales revenue can not only make up the load shift cost but also create operating income for operators, TL adjustment can bring better economic benefits to the VPP. In order to further verify the improvement of comprehensive load adjustment (case 3) on the system economy, this study calculates the relevant economic parameters in different cases and summarizes them in Table 4.
TABLE 4 | Economic comparison results.
[image: Table 4]It can be seen from the economic comparison of the cases in Table 4 that although the cost of load control in case 3 is the highest, reaching 6,800 yuan, more income from electricity sales and demand response is obtained through load control. According to the calculation, the electricity sales revenue of the comprehensive load optimization control scheme proposed in this study reaches 79.50 thousand yuan, which is 8.76 and 3.52% higher than that of case1 and case 2, respectively. At the same time, the income from participating in demand response is 1.60 thousand yuan, which is 77.78% higher than that of case 2. It should be noted that the demand response income in case 1 is negative, which is due to the failure to meet the market demand response trading standards at 6:00, 8:00, 18:00, and 19:00 and the need to bear some economic penalties. In addition, the demand response income in case 2 and case 3 is far lower than the load adjustment cost, which is because the demand response income in the calculation results is only the extra income obtained according to the demand response contract and does not include the electricity price difference caused by load adjustment, which is included in the electricity sales income. Finally, the total operating profit of case 3 is 43.00 thousand yuan, which is 10.82 and 2.38% higher than that of case1 and case 2, respectively.
Influence of Electricity Marketization Trading on Flexible Load Adjustment
In order to further analyze the influence of power market transactions on flexible load adjustment, this section shows the optimization results of PL, IL, and TL adjustment, as shown in Figures 9–11.
[image: Figure 9]FIGURE 9 | Results of PL demand and temperature change before and after optimization.
In this study, the temperature-controlled load air conditioning is taken as an example to analyze its influence on PL adjustment. It can be seen from Figure 9 that before optimization, in order to ensure that the indoor temperature is always below the expected value, the equipment needs continuous power supply, resulting in large power consumption when the outdoor temperature is high from 9:00 to 18:00. Since T1 period and T2 period are idle periods for PL demand of users, there is no strict demand for indoor temperature at this time, so the practice of keeping constant temperature will lead to partial waste of electric energy. By implementing the optimization method proposed in this study, PL can reduce the operating power in T1 period and T2 period. At the same time, before the end of T1 period and T2 period, the flexible temperature control load is turned on in advance to reduce the indoor temperature, so that the temperature can be kept within the comfort range of the human body during the normal demand period. According to the numerical calculation, in this optimization, PL-based adjustment reduced the electricity consumption by 10.36 MWh, saved the users electricity cost by 3.80 thousand yuan, and got the electricity-saving subsidy of 1.90 thousand yuan. In addition, it should be noted that in Figure 9, there is a significant difference in the rising amplitude of indoor temperature between T1 period and T2 period. This is because the outdoor temperature rises slightly during T1 period, and the indoor temperature rises slightly in order to reduce part of the load. At T2 period, the outdoor temperature reaches a high level, and the indoor temperature will increase greatly in order to reduce the load.
The above results show that the implementation of PL adjustment can greatly reduce PL users’ electricity consumption during the demand response period and the demand idle period without significantly affecting users’ comfort and reduce their electricity purchase cost.
It can be seen from Figure 10 that according to the IL adjustment strategy in this study, IL is completely interrupted during the demand response period. Combined with Table 4, it is calculated that compared with the situation without IL adjustment, the implementation of IL adjustment can increase the income from VPP sales by 3.70 thousand yuan, the income from demand response by 3.40 thousand yuan, and the overall income by 3.20 thousand yuan. However, the implementation of IL adjustment needs to pay an additional subsidy of 4.60 thousand yuan for user comfort loss.
[image: Figure 10]FIGURE 10 | Time-by-time distribution of IL demand before and after optimization.
The above results show that the implementation of IL adjustment is helpful to improve users’ electricity consumption economy and VPP overall income. However, compared with PL adjustment, IL adjustment has a more obvious impact on users’ comfort by greatly reducing the load of users’ demand response period.
It can be seen from Figure 11 that similar to IL, in order to obtain demand response revenue, the VPP cuts TL during the demand response period. In addition, TL is increased in the non-demand response period at 10:00, 11:00, etc. The above load shift can provide more trading power for the VPP to participate in power grid interaction. According to the data calculation, the total load shift of case3 throughout the day is 7.77 MWh. In addition, load shift-in mainly occurs in the PL demand idle period, and the shift-in amount in this period accounts for 90.07% of all-day shift-in. This situation shows that the optimization method proposed in this study can compensate for the load fluctuation caused by PL reduction through TL shifts.
[image: Figure 11]FIGURE 11 | Time-by-time distribution of TL shift-in/shift-out quantity.
The above results show that TL adjustment can further improve the load reduction of the VPP in the demand response period and at the same time compensate for the load fluctuation caused by PL adjustment to a certain extent, thus forming collaborative scheduling among different types of flexible loads. In addition, TL adjustment does not significantly affect user comfort.
CONCLUSION
A VPP is a typical form of collaborative optimization of distributed generation resources, adjustable loads, and energy storage equipment, which plays an important role in improving the efficiency of energy management on the demand side. In this study, based on the existing research on energy management of VPPs, the cost of flexible load adjustment is included in the objective function, and the energy management model of the VPP is constructed. Then the ICPSO is used to solve the output, flexible load control, and energy storage charging and discharging plan of each unit in the VPP. Finally, the optimization results are compared and analyzed in different scenarios. The case analysis results show that compared with other algorithms, the ICPSO algorithm proposed in this study has the best performance in solving multi-modal problems and multi-particle dimension problems. The VPP energy management model proposed in this study has improved operating profit by 10.82 and 2.38%, respectively, compared with the optimization scheme without considering flexible load adjustment and only considering IL adjustment.
With the further opening of the electricity market, distributed generation equipment and flexible load users will freely choose the VPP according to their own interests, and the VPP structure will be changed from the fixed structure in this study to the dynamic structure. In addition, the unit price of user comfort allowance considered in this study only represents the current living standard of residents. With the development of society and economy, the improvement of people’s living standard will further change the unit price of user comfort allowance. Therefore, how to realize the dynamic matching between distributed generation equipment, flexible load users, and VPPs and accurately analyze the impact of the improvement of flexible load users’ living standards on VPP energy management are the problems to be solved in the future.
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