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Abstract

:

The objective of this study is to perform peak load shaving at a virtual power plant (VPP) to maximize the electricity cost-saving for local distribution companies (LDCs) while satisfying the necessary operational constraints. It can be achieved by implementing an efficient algorithm to control the conservation voltage reduction technique (CVR) with embedded energy resources (EERs) to optimize electricity costs during peak hours. EERs consist of distributed energy resources (DERs) such as solar and diesel generators and energy storage systems (ESSs) such as utility-scale and residential batteries. An objective function of mixed integer linear programming is formulated as the electricity cost function. Different operational constraints of EERs are formulated to solve the peak shaving optimization problem. The proposed algorithm is tested using data from a real Australian power distribution network. This paper discusses four cases to demonstrate the performance and economic benefits of the control algorithm. Each of these cases illustrates how EERs contribute differently each year, month, and day. Results showed that the proposed algorithm offers significant cost savings and can shave up to three daily peaks.
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1. Introduction


The goal of peak load shaving is to flatten the load curve by reducing the amount of load and shifting it to lower load periods. Peak shaving benefits both customers and utilities. Utility companies can obtain a significant cost saving by reducing consumption when electricity charge rates are relatively high, which results in lower electricity bills for their customers [1]. Chao Lu in [2] proposed both charging and discharging control models of battery energy system storage (BESS). These two models were established with two different optimization objectives. The first objective function is to reduce peak load demand and the second is to minimize the daily load variance. The authors also considered the fluctuation of penalty cost in the objective functions. A rolling load forecasting technique was used to improve the optimization performance. A combination of CVR and EV2G reactive power was investigated in [3] to reduce peak load demand while maintaining the voltage profile within limits. A combination of CVR with EV2G reactive power is assessed in three modes: with no CVR, CVR standalone, and CVR with EV2G reactive power. The technique is verified using a modified IEEE 13 node. Simulated results indicate that the CVR standalone operation reduced peak load demand by 2.60%. However, CVR standalone mode at deeper levels of voltage reduction leads to violations of the minimum node voltage limit and higher system losses. Thus, CVR with EV2G coordinated operation is very helpful to maintain feeder voltage profiles within limits and reduce system losses, even at the deepest levels of voltage reduction. Additionally, the simulation results indicate that a combination of CVR and EV2G mode performs better than CVR standalone operation in terms of peak power shaving, voltage profile improvement, and loss reduction. An integrated scheme combining conservation voltage reduction (CVR) and intelligent photovoltaic inverter control functions is proposed in [4] to reduce substation demand more effectively than with only CVR. IEEE-123 (medium-size) and IEEE-8500 (large-size) unbalanced three-phase distribution systems are considered for evaluating the proposed scheme in conjunction with a voltage-dependent load model. As a result, a higher demand reduction is achieved during the more profound voltage reduction range, which keeps the distribution network reliable and efficient. Chowdhury in [5] studied the effect of combining PV with battery energy storage in standalone mode. Southeastern and western U.S. peak demand curves were reshaped using PV and battery energy storage. Initially, the PV power is used to charge the battery, and then after the battery is fully charged, it is used to supply the grid. Different photovoltaic array orientations are used to demonstrate substantial savings on the size of the battery storage system necessary to reduce peak loads. The results showed that Western U.S. utilities saved a significant amount of battery capacity compared to southeastern utilities. These are 43% for the south-facing scheme compared to 39% for the two-axis tracking scheme. Furthermore, southeastern utilities have somewhat smaller savings. These are 18% for the two-axis tracking scheme compared to 13% for the south-facing array. The authors in [6] proposed an efficient technique known as a decision tree-based technique to reduce peak load in residential networks. PV arrays, battery storage, and coordinated electric vehicle management were utilized with the technique. Smart meters were implemented to read the residential load in real time, allowing the algorithm to take the necessary action. The proposed algorithm demonstrated 96% reduction in the peak demand with 74% load factor. Bidirectional V2G services are proposed in [7,8,9] for peak load shaving. These services can be achieved with active power support during peak hours. The EV system operates by charging the EV during off-peak hours and injecting extra EV energy into the power grid during peak hours. V2G can provide reactive power for grid voltage regulation in addition to active power. Furthermore, two different results were obtained. Firstly, the maximum peak shaving value at 10:00 a.m. was approximately 10% of the general power load. Secondly, the maximum peak shaving from 2:00 p.m. to 4:00 p.m. was around 9% of the maximum power load. An integrated battery storage system, a PV system, a heat pump system, a thermal storage system, and an electrical storage system was proposed by Baniasadi et al. [10]. A hybrid system is used in a residential building to optimize the real-time energy storage systems. Particle swarm optimization (PSO) is implemented to mitigate both daily electricity and life cycle costs of the smart building. The Min-Max model predictive controller is then used to minimize electricity costs for end users by managing the energy flows of storage systems. A demand response technique is implemented to optimally control HP operation and battery charge/discharge actions. The controller adjusts the flow of water in the storage tank to meet designated thermal energy requirements by controlling HP operation. Additionally, the battery’s power flow is controlled to minimize electricity costs during peak-load hours. The proposed methods reduced annual electricity costs by 80% and life cycle costs by over 42%. The authors of [11] presented a smart grid project that aims at reaching   15 %   of peak load reduction. The project includes both residential and commercial loads, as well as 230 PV panels equipped with large-scale utility storage which utilizes two technologies to provide smoothing capacity of 0.5 MW and storage capacity of 1 MWh. The GridLAB-D software was primarily used for modeling the proposed system. Vanhoudt et al. [12] used a virtual heat pump equipped with PV panels or a small wind turbine to limit the peak load on a single residential building. A second goal was to reduce the curtailment of renewable energy installations. This was achieved by switching on the heat pump whenever the local renewable energy source produces energy (maximizing self-consumption of renewable energy). This reduced the overall use of gray electricity from the grid. An active heat pump was controlled by a market-based multi-agent system (MAS) and compared to conventional heat-driven control of the heat pump. The comparison showed the MAS actively controlled heat pump is able to lower the peak load from 2% to 5% on the coldest week and 17% for an average week.



The Binary Particle Swarm Optimization algorithm (BPSO) was proposed by Sepulveda et al. [13] to schedule power consumption of a domestic electric water heater. The algorithm used to maximize the level of customer comfort while minimizing peak load demand. Matlab is used to simulate the data collected from 200 households by smart meters to test the performance of the demand response. Authors of [14] proposed a peak shaving mechanism that takes into account the interests of utility companies as well as their customers. The energy model and the price model were both employed to optimally schedule individual water heaters. The energy model allowed for a minimum of electricity consumption for water heaters while maintaining user comfort.



An economic analysis was conducted by Martins et al. [15] to determine the optimal sizing and design for BESS based on monthly and annual billing. An analysis of a case study showed that monthly billing reduces battery aging as the number of cycles increases. Furthermore, the results show that batteries can shorten the payback period when used for large industrial loads in peak shaving applications. Cheng et al. [16] used mixed integer linear programming (MILP) to optimize the scheduling problem for peak-shaving hydropower. The proposed technique is validated using six cascaded hydropower reservoirs along the Lancang River in China. A comparison is made with traditional peak-shaving methods that require determining peak-shaving order. A model is tested from an engineering perspective to determine its efficiency and practicality. A new short-term peak-shaving method was introduced by Liao et al. [17] that took into account load characteristics and water spillage to address modeling, solving, and water spillage treatment issues associated with HSCHPs during the wet season. A fuzzy cluster analysis is used to identify the valley periods of the daily load curve to determine when more water should be released. The best WSRs are determined by solving a mixed-integer linear programming model linearized by special ordered sets of type two. It is demonstrated that the proposed method can achieve a reasonable peak-shaving effect without significantly reducing power generation or introducing an additional water spill. A vehicle-to-buildings/grid (V2B/V2G) system was considered simultaneously by the authors in [18] for peak shaving and frequency regulation using a combined multi-objective optimization strategy that considered battery state of charge (SoC), EV battery degradation, and EV driving scenarios. Study objectives included achieving superior economic benefits within controlled SOCs. The authors in [19] developed a control algorithm for a biomass-based micro combined heat and power (mCHP) plant aimed at reducing electricity consumption. Two scenarios of the mCHP’s operation, namely with and without the control strategy, are discussed. EnergyPRO software was used to simulate mCHP operation in this study. When power is overproduced due to low demand, excess power is redirected into heat generation, and vice versa. The authors concluded that the proposed mCHP system covers the household’s total power demand during the morning peak and reduces the evening peak by up to 71%. The authors in [20] proposed an optimal energy management algorithm (OEMA) to reduce peak load by scheduling EV charging and discharging with PV system, RES, and ESS. The case study focuses on a university campus with EVs, solar panels, and an energy storage system (ESS), in addition to an educational building that has laboratories and a smart parking lot with 100 charging stations. Simulated results indicated that immediate charging impacted the building’s power consumption significantly. In contrast, scheduling EV charging with the help of the PV system and ESS decreased the building’s on-peak power consumption while minimizing EV charging costs. The work in [21] considered a model predictive control-based multi-objective optimization was considered for a hybrid energy storage system. This model consists of a PV system, a battery, and a combined 60 heat pump/heat storage device. The goal was to minimize operation costs and reduce power exchanged with the electrical grid while maintaining user comfort. As a result, a reduction of 8 to 88% could be achieved in PV grid feed-in depending on PV capacity. Further benefits can be achieved by MPC of multiple components such as PV/battery/heat pump systems or by controlling air source heat pumps.



Prior studies have not addressed the capability of their techniques to shave more than one peak per day or the economic analysis. Therefore, this paper aims to illustrate the capability of the control algorithm to shave more than one peak per day, followed by an economic analysis of peak load shaving.



Two reasons can be attributed to multiple peaks:




	
Weather conditions could contribute to multiple peaks on the same day. Customers heavily use devices such as EWH, HP, BBH, and ETS during cold weather. Thus, multiple peaks were caused by an increase in customers’ consumption.



	
The second reason is energy storage systems. Since the batteries are discharged during peak times, thousands of homes can use less utility power during peak times. However, if the batteries are charged off-peak at the same time, this could result in multiple peaks.








Contribution and Paper Organization


An effective, fast, and beneficial control algorithm for peak load shaving is presented in this paper. Mixed integer linear programming (MILP) is formulated at a virtual power plant level (VPP) to perform peak load shaving in order to minimize the total electricity cost including energy and demand charge costs for local distribution companies (LDCs). The embedded energy resources are optimized to reduce the load demand during peak hours, resulting in increased electricity cost savings. The EERs consist of distributed energy resources and energy storage systems. Distributed energy resources include solar and diesel generators which provide electricity during peak hours to reduce customers’ consumption. Energy storage systems such as utility-scale and residential batteries are discharged to reduce the reliance on utility power during peak periods. Additionally, demand response is applied during peak hours to ask customers to limit the use of their EWH, HP, BBH, and ETS devices. Four different cases are discussed to illustrate the performance and the economic benefit of peak load shaving mechanism for LDCs. The control algorithm proved to be capable of shaving up to three daily peaks and maximizing the cost savings over AUD 600,000 a year. Moreover, the control algorithm offers direct benefits to utilities such as stability, reliability, and generation costs.



The rest of the paper is organized as follows: Section 2 presents an introduction of VPP. Section 3 presents the calculations of the initial power threshold. Section 4 discusses the system model of ESSs and DERs presented in this paper. Section 5 presents the mathematical model of the proposed algorithm. Section 6 presents the results of the algorithm. Finally, the paper presents brief conclusions in Section 7.





2. Virtual Power Plant (VPP)


The demand for electricity in developed countries increases, while the construction of new large power plants is significantly slowing down due to high costs and environmental concerns. Therefore, VPPs are designed to dispatch a group of decentralized energy assets that can be remotely controlled as a group but operate independently. Local assets such as solar and diesel generators are dispatched by VPPs for LDCs. As shown in Figure 1, VPPs receive different types of load forecasts which represent forecasting of customers’ consumption in order to determine the highest consumption and the time when these assets should be optimized to reduce peak consumption. Afterward, VPPs share peak information with customers so aggregators can be reduced during the peak period by implementing demand response. The VPP has the responsibility of sharing information with the system operator for assessing the entire system’s security. The VPPS will request the start and stop of EERs, generation capacity, and optimization of generation costs. Figure 1 shows the entire process of VPPs.There are no clear definitions of VPPs in literature at the moment. According to [22], VPPs consist of different types of distributed resources which may be dispersed across a medium voltage distribution network. VPPs consist of several technologies with diverse operating patterns and availability that can connect to different points in the distribution system [23]. VPPs are defined in the EU’s virtual fuel cell power plant project [24] as a network of interconnected decentralized residential micro-chips that utilize full-cell technology installed in multifamily homes, businesses, and other public buildings for individual heating, cooling, and electricity production. Fenix in [25] defines VPPs as a flexible representation of a portfolio of distributed energy resources (DER) that is capable of making contracts in the wholesale market and provide services to system operators. VPPs are classified into two types: commercial VPP that combines the capacity of a variety of distributed energy resources and optimizes revenue from contracting DERS and demand portfolios. However, this does not take into consideration any aspects of stable operation. The second type is technical VPPs which consist of portfolio inputs from DERs that have the same geographical location to characterize the local network at the transmission boundary. Both the cost and operational characteristics of the portfolio are represented at the transmission boundary. The details about their characteristics and how they were implemented in the framework of the control algorithm are discussed in [26]. We only consider commercial VPPs in this paper. No information was shared with the system operator at the transmission side.




3. Load Demand Threshold


The load demand threshold is calculated to determine the peak load hours in the load profile. Time-of-use billing is widely used by utilities to charge their customers. The electricity rate may vary depending on the time of day when it is consumed. On-peak and off-peak times of the day will be defined by the utilities based on the amount of demand at those times. A higher rate is charged to customers during peak hours. Local distribution companies (LDCs) pay for electricity based on both demand charges and consumption charges. A demand charge is determined by multiplying the peak demand rate by the peak demand (kW), and an energy charge is calculated by multiplying the consumption (kWh) by the energy rate. The initial load demand threshold is calculated based on historical data. The calculation is based on previous years in the same month. The initial load demand threshold for February 2021 would be calculated by taking the maximum of the previous years in the same month, for example, the maximum of February 2020 and February 2019, and then taking the average of these two previous months. The final value will be the initial load demand threshold for February 2021. In addition, as the load demand slightly varies from day to day, the load demand threshold is changed. The load demand threshold is updated daily based on the new peak after peak load shaving performance, so if the new peak is at the load demand threshold, the load demand threshold will remain the same for the next 24 h. Otherwise, the peak is partially shaved and the new peak will continue as a new load demand threshold in the next 24 h.




4. System Model


4.1. Aggregators (AGGs)


The energy cost is calculated for each aggregator and then optimized based on its least energy cost during the peak hours. Section 5 described the steps of calculating the energy cost in details. Detailed information on the design and operation of the aggregators can be found in [27].




4.2. Conservation Voltage Reduction (CVR)


The CVR strategy is one of the most efficient ways to reduce load demand and maintain proper voltage. Standalone CVR is used in this paper to reduce the load demand. CVR is selected as the first option to contribute to peak load shaving. Detailed information on the implemented CVR can be found in [4].




4.3. PV Model


Solar irradiation    I s    ( t )    data is used to calculate   P V   output power [28]:


   P  P V     ( t )  =  I s    ( t )  ×   A  P V     ×   N  P V     ×   η  P V    ×    η t   



(1)




where   A  P V    and     N  P V     indicate the area and the number of   P V   module, respectively.   η  P V    and   η t   represent efficiency of PV system and temperature coefficient:


   η t  = 1 −  μ   T c  −  T  s t c      



(2)




where   T c   and   T  s t c    represent temperature of the PV cell and standard test conditions, respectively. A maximum temperature of   T  s t c   = 25    ∘  C indicates the peak of the optimal temperature range for photovoltaic solar panels. This is when solar photovoltaic cells are at their most efficient and expect their performance to be at its best.  μ  represents temperature coefficient of the maximum output power of the panel 1/degree    ∘  C. There is a range of 0.5% to 0.9% depending on the panel; however, 0.005 (0.5%) is an acceptable range. When the temperature of the cell rises above 25    ∘  C, the cell’s efficiency begins to decline.




4.4. Diesel Generator


A diesel generator is necessary for the hybrid system to perform as a backup power source. It operates when all embedded energy resources (EERs) are unable to fully shave the load. Diesel generators are the last option because of their high fuel costs:


  M i n  ∑  t = 1   t  m a x      ∑  i = 1   N  g e n      F i    P i t     



(3)




where    F i    (  P i t   )    denoted as diesel generator cost that should be minimized.    a i  ,   b i  ,  and   c i    are fuel coefficients.   P i t   is the capacity of each diesel generator.   N  g e n    is number of diesel generators.   P  l o a d  t   is the remainder load:


   F i    (  P i t   )  =  a i  +  b i  ×   P i    ( t )  + c ×   P i 2    ( t )   



(4)







Subject to


        ∑  i = 1   N  g e n     P i t  =  P  l o a d  t           P i    m i n   ≤   P i   t  ≤    P i    m a x        



(5)







VPP optimizes four diesel generators to shave the remainder of the load that could not be fully shaved by the EERs. Unit commitment approach based on dynamic programming is used to perform the optimization. Both fuel consumption coefficients and the capacity for each generator are provided in Table 1. Detailed information on optimization of unit commitment using dynamic programming can be found in [29].





5. Formulation of the Proposed Method


The work here aims at optimizing the outputs of the local decentralized assets, which are covered in detail in Section 4, with the goal of reducing customers’ consumption during peak periods by implementing peak load shaving. The electricity cost for LDCs is minimized by reducing the reliance on utility power during peak periods.



The objective function is used to minimize electricity costs. The problem is solved using mixed integer linear programming because it uses binary variables to control the charging/discharging of the utility battery [30]:


  Min  C T   



(6)






   C T  =  C E  +  C P   



(7)






   C E  = ζ ·  ∑  i = 1  N   P  L Shave    



(8)






   C P  = α ·  P  shave     



(9)







Equations (6)–(9) represent the total charge   C T   that includes energy charge   C E   and peak charge   C P   based on the peak load shaving.   P L S h a v e   and   P s h a v e   are both indicators of the demand after performing peak shaving and maximum peak shaving during the billing cycle, respectively. Both  ζ ($/KWh)and  α ($/KW) represent the energy and peak charging rates, respectively. N denotes the 24 h load forecast:


  Soc  ( t )  = Soc  ( t − 1 )  +   λ  ∑  t − 1  t   P  b a t t    ( t − 1 )  d t − μ  ∑  t − 1  t   P  b a t t    ( t − 1 )  d t  δ   



(10)







The state of charge    S o c  ( t )   in Equation (10) is calculated based on the active power   P  b a t t    from the utility battery, as well as the charging  λ  and discharging  μ  efficiencies. In addition, the kWh rating of the energy battery rate is determined by using the  δ  parameter. The state of charge is initialized and updated every time:


      0 ≤ C V R  ( t )  ≤ C V  R  m a x          Soc min  ≤ Soc  ( t )  ≤  Soc max        0 ≤  P G   ( t )  ≤  P  G   m a x           P b a t t   m i n   ≤  P b a t t  t  ≤   P b a t t   m a x         0   ≤ P   P V    ( t )  ≤   P  P V   m a x         0   ≤ P   D G i    ( t )  ≤   P  D G i   m a x        



(11)







Equation (11) indicates that all local resources as seen in Section 4 are subject to certain operational constraints. The active power of the utility-scale battery,   P b a t t ( t )  , is limited to 1.25 MW. In addition, the state of charge,   S o c ( t )  , should range from 25% to 95%. The four diesel generators are as follows:   P  D G i    with varying capacity limits, as shown in Table 1. CVR also has a specific limit, as explained in Section 4.2. The PV capacity is also limited by the number of PV panels, as described in Section 4.3:


   ∑  i = 1  n    P i   t   +   P G   t  =  P L   t   



(12)






   ∑  i = 1  n    P i   t   =  P  P V    t  ∓   P  b a t t    t  +    P  R b a t t    t  +  P   E W H    t  +  P  H P    t  +  P  B B H    t  +  P  E T S    t  +  P  D G i    t   



(13)







Equation (12) represents the power balance between the main generation    P G   ( t )    (power plant), local assets    P i   ( t )    (explained in detail in Section 4), and load forecast    P L   ( t )    (forecast of customers’ consumption over the next 24 h). A balance should be maintained between power generation and demand. There are two types of power generation: local resources (DERs and ESSs) and main generation (Power Plants). Our algorithm optimizes the capacity that is received from decentralized local resources, so that, when the local resources are maximized, the peak shaving level is maximized toward the threshold level. As a result of maximization of local resources, the main generation is reduced. Equation (13) shows the sum of the local assets. A minimum energy cost will be used for optimizing and coordinating these local assets, as represented in Equations (16)–(21). The priority asset will be selected based on the lowest energy cost at each point in time for each asset in the timeseries:


       γ c   t   M ≥   P  b a t t           1 − γ  c   t   M ≥   P  b a t t          γ c   t  = 0  o r  1      



(14)




   γ c   ( t )    represents the binary variable of the utility battery. If    γ c   ( t )  = 0  , the charging of the battery will be off, and the battery will be discharged. If    γ c   ( t )  = 1  , the discharging of the battery will be off and the battery will be charged. The purpose of    γ c   ( t )    is to simultaneously avoid charging and discharging the battery. M is the desired capacity of the battery to be charged or discharged. The available power for charging is provided by main generation (Power Plant). During the charging period, this power will be rated and paid by the utility:


      P s h a v e ≤  P e a k       P s h a v e ≥  P t h r e s h o l d        P G   ( t )  ≤  P s h a v e      



(15)




  P s h a v e   is optimally set between the peak of the hourly load forecast and the desired level   (  P  t h r e s h o l d   )   because standalone aggregators often cannot fully shave the load. The main generation can therefore shave any additional load that is above the desired level. The main generation    P G   ( t )    is set to be less than or equal to   P s h a v e   because main generation will be reduced to a new peak shaving level when EERs are engaged.



Energy cost is calculated for each aggregators and resources based on the following equations:


  C o s  t T   =  C o s  t  T I n v e s t    +  C o s  t  E P C    



(16)




where   C o s  t T    and   C o s  t  T I n v e s t     denote the total cost of each aggregator and the investment of units, respectively.   C o s  t  E P C     is the energy cost:


  C o s  t  T I n v e s t   =  C o s  t U  +  C o s  t  M i s    



(17)




where   C o s  t U    and   C o s  t  M i s     denote unit cost and Miscellaneous cost for each aggregators, respectively,


  C o s  t U  = C o s  t  U E W H   +  C o s  t  U H P    +  C o s  t  U B B H   +  C o s  t  U E T S    



(18)




where   C o s  t  U E W H    ,   C o s  t  U H P    ,   C o s  t  U B B H    , and   C o s  t  U E T S     denote unit cost of electric water heater, heat pump, baseboard heater, and electric thermal storage, respectively,


  C o s  t  M i s   =  C o s  t  M i s I n s    + C o s  t  M i s C o n t    +  C o s  t  M i s M a i n    



(19)




where   C o s  t  M i s I n s    ,   C o s  t  M i s C o n t    , and   C o s  t  M i s M a i n     represent installation, controller, and maintenance costs for each aggregators, respectively:


  C o s  t  E P C   =  ( β ×  P c  )   



(20)




where  β  and   P c   represent price rate on and off peak and power consumption during on and off peak for each aggregators, respectively,


  C o s  t  T h o u r   =    N U  × C o s  t  T I n v e s t     10 ∗ 365 ∗ 24   +  β ×  P c    



(21)




where   C o s  t  T h o u r    ,   N U  , and   C o s  t  T I n v e s t     are hourly total energy cost, number of units, and total cost of investment for each aggregators, respectively. The denominator of the above equation represents the aggregators performing maintenance every ten years calculated in hours. The above equation calculates the total cost of each aggregator. It consists of two components including the static and the dynamic components. The total investment cost is considered as a static component. The cost is determined based on both unit and miscellaneous costs. This part is almost constant and steady—in addition to that, the dynamic components which are computed based on the change in the power consumption during 24 h. Moreover, power consumption occurs when units of aggregators are charging. The charging rates in this section is published in [31]. Figure 2 describes the flowchart of the entire control algorithm process




6. Case Study


A single-line diagram of the real Australian power distribution network used as the VPP is shown in Figure 3. There are additional resources being considered for this actual network. There are two solar farms at the VPP, a utility-scale battery with a capacity of 2.50 MWh and four residential batteries totaling 5 MW. There are four load substations totaling 80 MW, including 20.5 MW curtailable (the curtailment of the load is fully controlled by the VPP operator at $400/MWh), and a 25 MW/90 MWh BESS. There are four diesel generators with four different capacities are shown in Table 1. Furthermore, decentralized energy storage systems are distributed around the distribution network and the information on numbers and capacities are demonstrated in Table 2.




7. Results and Discussion


Four case studies are presented in this section explaining how peak load shaving works and how it can benefit LDCs economically. Each of these cases illustrates how EERs contribute differently each year, month, and day. A detailed discussion of the economic benefits and cost savings for LDCs is presented in this section as well.



7.1. Case 1: Hourly EERs Contributions for 1 February 2021


Table 1 illustrates the information about four diesel generators. A genetic algorithm is used to optimize diesel generators using a unit commitment approach. The operation of a diesel generator is classified as either OFF (zero capacity) or ON (full capacity). Table 1 provides the coefficient parameters as well. Table 2 summarizes the costs of four aggregators. Both HP and ETS are the most expensive in terms of unit and installation costs. Other costs are not significantly different. This table also shows the size of units used in the algorithm.



Figure 4 represents the output of different EERs and the state of charge of utility-scale and residential batteries. Moreover, it shows the dynamic response of solar irradiance and temperature on 1 February 2021. An optimized diesel generator is shown in Figure 4a. Due to fuel-related costs, four diesel generators are optimized as the last resource to fully shave the peak. Thus, four diesel generators switch ON/OFF based on the amount needed to completely shave the peak. The diesel generators 1, 3, and 4 are on, and generator 2 is off for the specific peak shown in Figure 5. Figure 4b shows the contribution of a utility-scale battery. The battery’s capacity is 2.50 MWh, and its maximum output power is always at 1.25 MW, so, in two hours, it will be fully depleted. Figure 4c illustrates the contributions of the four aggregators. The yellow area shows the capacity reserved by aggregators for peak load shaving as requested by VPPs. Other parts show how these aggregators operate, such as pre-charging before peak and post-charging after peak periods. Figure 4d represents how the algorithm works. The algorithm reads the peak of the 24-h load forecast and looks for contributions from EERs to reduce the peak level. More EERs contributions lead to more peak shaving. The contribution of residential batteries is shown in Figure 4e. The number of residential batteries in this paper is 50. Residential batteries contributed 0.537 MWh, as is apparent from Table 3. Figure 4f represents the dynamic behavior of solar power during the day. Due to low radiation in the area, solar contributes a very small percentage compared to other EERs. Figure 4g shows the state of charge of 50 residential batteries distributed across the real Australian distribution network. It took four hours for the residential batteries to fully charge (6:00 a.m. to 10:00 a.m.) and discharge (11:00 a.m. to 3:00 p.m.) during the peak time. Figure 4h illustrates solar irradiance. Most of the irradiance occurred between 8:00 a.m. and 8:00 p.m. on 1 February 2021. Based on Figure 4i, there is a low irradiance during the day due to lower temperatures. A utility-scale battery’s state of charge is shown in Figure 4j. The utility-scale battery is modeled to fully charge and discharge within 2 h due to its capacity of 2.50 MWh and maximum output power of 1.25 MW.




7.2. Case 2: Daily Peak Load Shaving for the Month of February 2021


The billing cycle of February is chosen due to the highest consumption in 2021. The table below shows the peak load shaving for February 2021. There were two peak shavings on 14 and 25 February: one in the morning and one in the evening. Other EERs including utility-scale batteries were off because CVR was able to fully shave the peak. The EERs will be optimized based on the least-cost option, so CVR and utility-scale battery are both given priority due to its lower cost. A second priority will be given to aggregators, and diesel generators will be used only when all other EERs fail to completely shave the peak. Figure 5 shows the 24-h demand. The yellow area represents EERs, and the blue area represents the main generation. There was a peak between 11:00 a.m. and 3:00 p.m. on 1 February. The duration of the peak is four hours. The red line represents the threshold, so any load above the threshold should be shaved. As it can be seen, EERs have completely shaved the peak. In addition, there were also three peaks on 2 March. The first peak occurred between 2:00 p.m. and 8:00 p.m., and it lasted for six hours. It can be seen that the EERs cannot fully shave the demand as the blue area is still visible. Furthermore, the EERs completely shaved the second peak from 8:30 p.m. to 10:00 p.m. on the same day. Another consecutive peak occurred near midnight. The duration of the third peak is less than an hour. Figure 5d is zoomed in to clearly show the small third peak. The goal is to shave off any peaks that last longer than 15 min using this method. The algorithm is capable of tracking and shaving more than one peak per day.



The contribution of each EERs on 1 February 2021 is shown in Figure 6a. The CVR contributed 44%, which is the largest, followed by 21% for diesel generators. Utility-scale batteries contributed by 12%, and other cheap EERs contributed from 1% to 10%. Furthermore, Figure 6b represents 100% peak shaving by EERs. Figure 7 represents the entire billing cycle for February 2021. Consumption is higher at the beginning and middle of the billing cycle, so most peak shavings occurred at those times. The highest peak was on 15 February. A detailed description of peak shavings can be found in Table 3.




7.3. Case 3: Monthly Peak Load Shaving for the Year of 2021


Table 4 shows the contributions of each EERs for the monthly peak load shaving. The optimization technique optimizes the EERs based on the lowest cost. CVR, utility, and residential batteries are the first selection to shave the load since there is lower cost. Other priorities are given to aggregators, which are optimized based on the energy cost. Diesel generators will be the last choice due to its fuel-related costs. The table includes the number of peaks for each billing cycle. It is clear that June has the highest number of peaks. Despite that, June’s cost saving is not high due to low consumption. As a result, the number of peaks does not directly correlate with cost savings. CVR, 21.92 MWh and utility-scale battery, 2.74 MWh were used in September since they are our first choices. Other resources turned off to be reserved for other peak shavings. In addition, December has the highest use of both CVR, 81.48 MWh, and utility-scale battery, 8.96 MWh, but that did not fully shave the peak load, which requires other resources such as aggregators to engage to fully shave the peak. A high CVR capacity indicates high consumption, so winter CVR capacity tends to be higher than summer.



Figure 8 represents Table 4. The approach only used   89 %   of CVR and   11 %   of utility-scale battery in September due to its capability to provide full load shaving. Both August and November did not use diesel generators due to their fuel-related costs, so other cheap resources completely shaved the peak load. The second reason is that diesel generators are subjected to time constraints, so, if the highest peak is not significantly higher than other peaks, diesel generators will not be reserved for the highest peak, leading to lower billing cycle cost savings. Heat pumps have the highest percentage of contribution among other aggregators.




7.4. Case4: Monthly Economical Analysis of Peak Load Shaving in 2021


Table 5 shows the highest peaks for each billing cycle in 2021. As can be seen, the highest peak in 2021 was in February, 212.27 MW. The second highest peak in 2021 is in March, 201.4 MW, followed by the third highest peak in December, 195.86 MW. By contrast, summer months have the lowest peak except for August, which is somewhat greater than other summer months. Both June and July have the lowest peak compared to the rest of the year.



Figure 9 illustrates how cost savings are calculated based on two factors. The peak load and off-peak load have two different electricity prices. First, multiply the maximum peak by the kW rate and, second, multiply the total consumption during the billing cycle by the kWh rate. These rates are provided by the Australian Energy Market Operator (AEMO). The two factors should be added together to compute the total cost. Cost savings determined by comparing the total cost before and after peak shaving and will be calculated as the difference between them. As can be seen from the figure, February has the highest cost savings of AUD 123,000, followed by December with AUD 115,200. June has the lowest cost savings of AUD 10,600 compared to the rest of 2021. Additionally, there is a slight difference in cost savings during the summer months since consumption varies less. In the winter, however, cost savings vary significantly due to fluctuations in consumption. To sum up, the total cost savings were AUD 632,822 in 2021.





8. Conclusions


The work presents an effective algorithm to control embedded energy resources in order to optimize electricity cost for local distribution networks. This algorithm has proven to be capable of reducing peak demand in real-time scenarios. Up to three daily peaks can be shaved using this mechanism. Assets are prioritized by the control algorithm. CVR is the first option selected because it has no charging cost, batteries are the second option, aggregators are the third option, and then diesel generators are the last option because of fuel-related costs. Different aggregators are optimized based on lower energy cost. This paper examines four different case scenarios. The first case shows the different contributions of EERs during the peak periods. Peak load shaving is performed for the entire year of 2021 as shown in the second case. The third case illustrates peak shaving performance in specific months with details on each EER contribution. The economic analysis of peak shaving for the entire year 2021 is determined to assess the overall benefit of the algorithm. The presented algorithm proved the capability of shaving up to three daily peaks and providing significant cost savings of more than AUD 600,000 in 2021. This paper will be extended in the future to include the degradation of PV power over the years and the impact of greenhouse gas emissions (CO   2  ) produced by diesel generators.
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Abbreviations


The following abbreviations are used in this manuscript:



	VPP
	Virtual Power Plant



	BESSs
	Battery Energy Storage Systems



	DERs
	Distributed Energy Resources



	EERs
	Embedded Energy Resources



	ESSs
	Energy Systems Storage



	BBH
	Baseboard Heater



	EWh
	Electric Water Heater



	HP
	Heat Pump



	RB
	Residential Battery



	LF
	Load Forecast



	ETS
	Electric Thermal Energy Storage



	Ubatt
	Utility Scale battery



	Rbatt
	Residential battery



	CVR
	Conservation Voltage Reduction



	LoadBShaving
	Load before shaving



	LoadAShaving
	Load after shaving



	DG
	Diesel Generator



	AGGs
	Aggregators



	AEMO
	Australian Energy Market Operator



	EV2G
	Electric Vehicle to Grid
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Figure 1. The process of VPPs for LDCs. 
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Figure 2. Flowchart of the proposed algorithm. 
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Figure 3. A real Australian power distribution network. 
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Figure 4. (a) Diesel generators; (b) utility scale battery; (c) aggregators; (d) peak shaving algorithm; (e) residential battery; (f) solar power; (g) RB state of charge; (h) solar irradiance; (i) area temperature on 1 February 2021; (j) UB state of charge. 
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Figure 5. (a) First peak shave on 1 February; (b) first peak shave on 2 March; (c) second peak shave on 2 March; (d) third peak shave on 2 March. 
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Figure 6. (a) Contributions of EERs; (b) total contributions of EERs and main generation. 
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Figure 7. Billing cycle for February 2021. 
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Figure 8. (a) Contributions of EERs for peak load shaving in September 2021; (b) contributions of EERs for peak load shaving in November 2021. 
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Figure 9. Monthly cost saving for 2021 peak load shaving. 
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Table 1. Capacities and coefficients for each diesel generator.
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	Gen No.
	Capacity KW
	a $
	b $/MWh
	c $/MWh    2   





	Gen 1
	1250
	1000
	16.19
	0.00048



	Gen 2
	600
	970
	17.26
	0.00031



	Gen 3
	600
	700
	16.60
	0.00200



	Gen 4
	750
	680
	16.50
	0.00211
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Table 2. Capacities and coefficients for each diesel generator.
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	Cost $
	EWh
	HP
	BBH
	ETS





	Unit
	400
	1400
	150
	1500



	Controller
	200
	150
	200
	200



	Maintenance
	150
	400
	150
	400



	Installation
	1000
	4000
	400
	2500



	No. Units
	1000
	200
	1200
	500
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Table 3. Contributions of EERs for Monthly Peak Load Shaving.
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	February

2021
	Peak

Type
	CVR

MWh
	UBatt

MWh
	RBatt

MWh
	BBH

MWh
	HP

MWh
	Diesel

MWh
	EWh

MWh
	ETS

MWh





	1
	Morning
	8.816
	2.380
	0.537
	0.871
	2.116
	4.219
	0.941
	0.206



	2
	Morning
	2.350
	1.340
	0
	0
	0
	0
	0
	0



	14
	Morning
	1.766
	0
	0
	0
	0
	0
	0
	0



	14
	Evening
	2.345
	0
	0
	0
	0
	0
	0
	0



	15
	Morning
	7.356
	2.380
	0.551
	0.915
	2.118
	0
	0.976
	0.181



	16
	Morning
	2.505
	1.660
	0
	0
	0
	0
	0
	0



	25
	Morning
	2.400
	0
	0
	0
	0
	0
	0
	0



	25
	Evening
	2.453
	0
	0
	0
	0
	0
	0
	0



	March 1
	Morning
	1.414
	0
	0
	0
	0
	0
	0
	0
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Table 4. Contributions of EERs for monthly peak load shaving.
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	No.

Peaks
	Month

2021
	CVR

MWh
	UBatt

MWh
	RBatt

MWh
	BBH

MWh
	HP

MWh
	Diesel

MWh
	EWh

MWh
	ETS

MWh





	11
	January
	58.8059
	8.6400
	2.1235
	3.5592
	9.2995
	1.5780
	3.8472
	0.9684



	9
	February
	31.4093
	7.7600
	1.0878
	1.7859
	4.2348
	4.2198
	1.9166
	0.3865



	6
	March
	31.2262
	4.2800
	1.1038
	1.7414
	5.5876
	3.0176
	2.0155
	1.8916



	5
	April
	36.0006
	6.4400
	1.6511
	2.8061
	8.9259
	7.2819
	2.9904
	2.1631



	8
	May
	41.1970
	8.3400
	2.0687
	4.0062
	11.2082
	2.3523
	3.1062
	1.0817



	18
	June
	43.4794
	2.3800
	1.2925
	0.5972
	1.9393
	1.8786
	0.9876
	0.5483



	11
	July
	42.0988
	7.1400
	1.7247
	1.9152
	3.4082
	1.9592
	2.1908
	1.9275



	11
	August
	32.9884
	7.6600
	1.1498
	1.9299
	7.4148
	0
	2.1427
	2.0351



	9
	September
	21.9147
	2.7400
	0
	0
	0
	0
	0
	0



	8
	October
	17.8657
	4.7600
	1.0829
	1.8773
	5.1234
	3.1746
	1.9168
	0.5371



	10
	November
	23.8643
	1.8200
	0.1259
	1.9293
	1.8548
	0
	0.9667
	0.7447



	10
	December
	81.4757
	8.9600
	1.8325
	5.1198
	11.8830
	2.0409
	3.9998
	2.6960
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Table 5. Maximum peaks and for each billing cycle of peak load shaving.
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	Peak Dates
	January

21
	February

15
	March

2
	April

4
	May

8
	June

1
	July

15
	August

25
	September

9
	October

25
	November

29
	December

24





	Peak MW
	185
	212
	201
	148
	117
	91
	93
	100
	94
	109
	164
	195



	Threshold MW
	175
	200
	190
	138
	112
	87
	87
	97
	91
	103
	159
	180
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