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Abstract

:

The high potential for implementing demand management approaches across multiple objectives has been significantly enhanced. This study proposes a cooperative energy management strategy based on the end-user sharing of energy. The proposed method promotes the intelligent charging and discharging of EVs to achieve vehicle-to-anything (V2X) and anything-to-vehicle (X2V) operating modes for both integrated and nonrenewable residential applications. These sharing modes have already been discussed, but resolution approaches are applicable to a specific use case. Other application cases may require additional metrics to plan the fleet of electric vehicles. To avoid that problem, this study proposes the MIP method using a robust Gurobi optimiser based on a generic framework for cooperative power management (CPM). Moreover, the CPM ensures an overall target state of charge (SoC) at leaving time for all the vehicles without generating a rebound peak in total grid power, even without introducing photovoltaic power. Two different methods are proposed based on the flow direction of the EV power. The first method only includes the one-way power flow, while the second increases the two-way power flow between vehicles, operating in vehicle-to-vehicle or vehicle-to-loads modes. A thorough analysis of the findings of the proposed model was conducted to demonstrate the robustness and efficiency of the charging and discharging schedule of several EVs, favouring a sharing economy concept, reducing peak power, and increasing user comfort.
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1. Introduction


Intelligent demand-side management (DSM) system presents one of the most advanced and promising technologies for energy efficiency improvement in smart grids (SGs). It is primarily intended to reduce or shift electricity demand from peak periods based on dynamic pricing signals in order to achieve savings on the end-user side, mitigate grid overload, balance supply and demand, and ensure the reliability of the main grid [1]. This system also provides the flexibility of integrating renewable energy resources (RES) and electric vehicles (EVs) in the grid as future sustainable tools in both power supply and transportation sectors [2]. This increased use of EVs also enables local consumers to further reduce electricity bills by using them intelligently with the DSM. Although EVs have several environmental and social advantages, the adoption of large EVs charging in an uncontrolled way might have a negative impact on the network, e.g., they might affect the grid stability, raise the risk of overload burden, and reduce the advantage of a green electricity supply [3]. For that purpose, this research integrates DSM and the use of the home devices’ schedule, as well as an optimization of EV charging/discharging to reduce the peak power and peak-to-average ratio (PAR).



In this regard, neighbourhood area networks (NANs) have been extensively considered in the literature [4,5]. They are composed of several smart homes containing a large set of controllable and noncontrollable appliances, energy storage units, and EVs. Home power management (HPM) strategies among entities of a NAN could have an important role to ensure common objectives, including the improvement of profits, the reduction of the energy dependency with the main grid, the increase of the resilience over faults, and the reduction of the peak-to-valley-load gap. Currently, there is an interest to adopt EVs to decrease power outages and the grid instability and to maximize the total energy efficiency [6]. Commonly, EV charging models are based on dynamic pricing signals, where the price relies on the demand, which encourages consumers to charge their EVs during low-demand periods to avoid electricity-cost peaks [2]. However, this can present an issue where an EV power is insufficient for an EV user’s trips or it may create higher electricity peaks if a large number of users adopt the same electricity tariff requirements [7]. As a result, hereby, the formulation of an optimization problem to construct a community scaled DSM approach is proposed, considering multiple EVs’ charging/discharging schedule, which promotes a sharing-economy concept, decreases peak power, and increases user comfort level.



1.1. Related Works


By and large, the impact of EV charging strategies on the power supply system has been widely discussed [7,8,9]. Basically, unscheduled grid-to-vehicle (G2V) charging strategies are devoted to being a short-term economical benefit. For that purpose, the development of unidirectional coordinated G2V charging techniques (Uni-G2V )and bidirectional EV power flow (Bi-V2X) alternatives are presented as key solutions to this problem [10,11].



The potential of EV charging strategies to alleviate the load demand during peak times has largely been investigated, especially peak load reduction, by making EV charging models based on dynamic pricing mechanisms [12]. In [12], the study used a ToU-price-based approach to motivate EV users to minimize their charging cycles during high-energy prices in order to reduce peak load. Hence, the consumers were price-takers who decided to activate their EV charging load in response to the TOU signal. Reference [13] demonstrated that the uncoordinated strategy based on charging price decrease may lead to major overloading of the power grid. Consequently, the neighbour constraints should be taken into consideration in the coordinated scheduling models. Peak load minimization based on dynamic pricing and the uncertainties of EV owners were presented in [14]. Dynamic cost signals were considered to decrease the peak load profile and increase the charging station’s benefit. Results showed that the peak load based on a dynamic pricing model could induce an additional increase of more than 1500 euros. Furthermore, in [15] a hybrid scheduling approach was developed considering two targets, the minimization of daily charging prices and the peak-to-average ratio. Simulations demonstrated that the proposed model resulted in minimum financial effects by coupling the strengths of the two approaches more effectively. Moreover, the authors in [16] considered an optimization method for the EV’s load demand regarding four aspects (frequency regulation profit, power quality, peak shaving, and charging cost). ToU tariffs were investigated to promote EV owners to supply auxiliary service and contribute to peak load shaving. Simulations proved the efficiency with respect to the grid performance development and benefit improvement. Differently, in [17], to minimize the peak load for power grids and eliminate the grid congestion at on-peak times, the charging scheduling of EVs was considered. The system aggregator had to give permission to the users for the charging scheduling of EVs.



Although the fitness functions are not similar in all these works, their common goal is to flatten the power demand profile to enhance the grid efficiency based on the coordinated EV charging frameworks. However, the modelling and development of power sharing among users given by a bidirectional vehicle-to-anything (V2X) framework has not been considered. In the proposed study, a CPM approach capable of optimizing the operation modes of EVs is proposed, including different home appliances’ scheduling, energy sharing among consumers, renewable generation input, in addition to Bi-V2X models when a large number of EVs are integrated.



In [18], a home energy management system was proposed to coordinate the schedules of different home energy resources during an outage period. The study considered the possibility of a bidirectional vehicle-to-home (V2H) mode for emergent supply backup during grid outages. Although results showed an improved performance of the home energy management (HEM) system to improve residential resilience, only a single home with a schedule issue was considered. The research presented in [19] revealed that a V2H framework can function optimally to satisfy both home and EV when properly handled, but only a single EV was considered. In [20], three different charging management strategies were conducted to increase solar power exploitation. The simulations showed that the proposed strategies improved the sharing of PV energy in charging energy by up to 62%, compared to 24% otherwise, resulting in a traditional G2V charge. However, that study did not consider a variable population of EVs and heterogeneous characteristics (such as state of charge (SoC) at the starting of the charging process, purposed SoC) were not provided. Reference [21] surveyed the new perspective on V2G development and future predictions. Another charging strategy was proposed in [22]. It aimed to alleviate power overloads of electric grid systems and minimize the cost using bidirectional energy sharing among vehicles (i.e., vehicle-to-vehicle). The obtained results proved that the proposed strategy obtained a greater performance than a benchmark algorithm. However, large-scale systems and renewable energy were not investigated in that work. In our previous study [23], a novel cooperative charging strategy for EVs based on a constraint programming algorithm was proposed. In addition to handling a heterogeneous and large-scale community in terms of EV peak charging load decrease and user satisfaction levels improvement, the examination of the model capability at both single and aggregated levels was considered. However, the exchange of energy between consumers did not occur. For this reason, this research extends the previous study and takes into consideration the limitations of existing works [18,20,22,23] by taking various EV charging/discharging modes into our problem scope as a novel contribution.




1.2. Main Contributions


Based on the above discussions, two novel cooperative power management strategies are proposed in this study to evaluate the impact of coordinated charging of EVs in a large user-oriented area. In addition to ensuring a reduction in peak load, it provides an expected overall SoC level at the departure time and improved cost savings. The main distinction between the two optimized CPM schemes relies on the EV power way direction. Firstly, an Uni-CPM scheme considers a unidirectional power direction. Secondly, a Bi-CPM scheme involves bidirectional power direction among vehicles, including V2V and V2L modes. The two CPM strategies are implemented and compared with the traditional EV charging strategy. The main contributions of this study can be summarized as follows:




	
A hierarchical level of charging priority for EVs is established to coordinate the charging cycle of 1000 EVs based on their emergency status and the time required before users leave.



	
An effective and coordinated decision-making strategy is established in order to promote energy sharing among different smart buildings according to different sharing rate preferences.



	
A highly complex model that can adapt to large-scale buildings is proposed, including heterogeneous charging requirements, a set of controlled and uncontrollable electrical loads in addition to V2V and V2L applications.









1.3. Study Organization


The remainder of this study is organized as follows: Section 2 presents the mathematical formulation of the problem. Section 3 describes the modelling and solving strategies. Then, the simulation results are illustrated in Section 4. Finally, the highlights and important findings are presented in Section 5.





2. Problem Formulation


The configuration of the proposed power system for an individual smart building is presented in Figure 1. In the figure, the smart layout of each household integrates a renewable energy system (solar power plant), a community power management (CPM) system, private essential domestic devices, bidirectional charging/discharging EVs, and a smart meter (SM) for two-way digital communication techniques. Moreover, for an effective scheduling, we categorized home appliances into three specific types according to the perspective of the HEM scheme:




	
Non-controllable appliances: the HEM system is unable to control them, as they include the main needs of the users (television, refrigerator, etc.).



	
Interruptible appliances: the activation of their operation can be cut off and restarted later (pool pump, EV, etc.).



	
Non-interruptible appliances: their operation should be continued for a predefined period without a break until completing the job (washing machines, dishwasher, etc.).



	
Thermostatically controlled appliance (TCA): scheduled based on a predefined temperature interval. Thus, a TCA is fed by a determined range of energy (heating, ventilation and air conditioning (HVAC), electric water heater (EWH), etc.).



	
Energy storage loads: used to store and supply energy as required (battery, EV, etc.). An EV may be considered as an end-user appliance able to offer different advantages and challenges according to the nature of its charging operation. Multiple research studies have been conducted on EV charging models providing diverse perspectives. For example, a vehicle-to-home (V2H) mode provides a significant solution for load shaping at the end-user side, a vehicle-to-grid (V2G) mode leads to an efficient HEM process, and a vehicle-to-neighbour (V2N) mode offers excess EV energy to neighbours, among other EV operation modes. Hence, users can participate in their demand scheduling and profit from different options of energy usage.








In this section, the integration of each appliance with the proposed CPM strategy is explained.



2.1. Modelling of Thermostatically Controlled Appliance


As noted above, TCAs are classified as temperature-based control devices for consumer convenience. For HVAC systems, the energy consumption is measured by controlling the room temperature with a dead-band. Thus, the thermodynamic properties of the heat cycle are intrinsically related to the   P  H V A C    energy consumption, room temperature, solar irradiation, ambient air temperature, and other parameters. Based on the literature [24], Equations (1) and (2) describe the modelling deployed for HVAC monitoring.


   T  r , t   =  T  r , t − 1   + Δ t ·   G i   Δ c   + Δ t ·   C  H V A C    Δ c   ·  S  j , t   H V A C    



(1)






   T  r  min  <  T r  <  T  r  max   



(2)




where:



  T  r , t   , and   T  r , t − 1    are the indoor room temperature at time t and   t − 1  , respectively;



  Δ t   is the time interval;



  G i   represents the heat gain rate of the house;



  C  H V A C    is the HVAC thermal capacity;



  Δ c   is the energy needed to change the room air temperature;



  S  j , t   H V A C    is the HVAC status at time slot t; (   S  j , t   H V A C   = 1   for the ON status, and    S  j , t   H V A C   = 0   for the OFF status).



The operation of an HVAC system is limited by its nominal power consumption and the required temperature range set by consumers, i.e.,   T r min   and   T r max  . Note that Equation (1) estimates the indoor temperature in a consistent manner for 24 h time slots taking into account the thermal specifications of the air conditioning. Constraint 2 specifies the upper and lower acceptable internal temperature limits for the HVAC system, which are set considering the outdoor temperature conditions.



Similar to the HVAC model, the EWH model can also be defined as an input–output system where the the model output is the water temperature and the input signal is the operation status (   S  j , t   E W H   = 1   for the ON decision, and    S  j , t   E W H   = 0   for the OFF decision). Therefore, to ensure the comfort of the user, Constraint 3 sets the acceptable water heater range for the water temperature.


   T  o u t l e t  min  <  T  o u t l e t , t   <  T  o u t l e t  max   



(3)




where   T  o u t l e t  max   and   T  o u t l e t  min   are the required maximum and minimum water temperature, respectively.




2.2. Modelling of Interruptible Appliances


Clothes Dryer


The modelling of a CD takes into consideration its operation time, i.e., the specified starting and ending times. This kind of controllable appliance can be time shifted to finalize their tasks in following period for incentive saving. The modelling of a CD unit is expressed as follows:


      Δ  H  a c c   < Δ  H  r e q         t  >  t  C D   s t a t        



(4)




where   Δ  H  a c c     denotes the accumulated drying cycle.   S  j , t   C D    is the responsive decision variable of the CD system. It equals one when switched off, otherwise it takes the value zero.



As demonstrated in Equation (4), a CD is generally operated about   Δ  H  r e q     and at a consumer-specified start time   t  C D   s t a t   . Appliance-level datasets are given in detail in [7,25,26].





2.3. Formulation of Objective Function


The on/off status related to EV charging decisions are given based on predefined individual and collective objectives. In this study, the power users were not considered to be electricity price followers, i.e., an EV consumption unit should make decisions considering the whole community constraints and individual priorities and not only in response to energy cost signals set by power grid operators. The objective function was given by Equation (5).


  min F  ( C )  =  ∑  t = 1  T   l  b a s i c , t    λ  l , t   +  ∑  t = 1  T    ∑  i = 1  M   (  D  i , t   E V , c      P i  E V   −  D  i , t   E V , V 2 V    P i  E V   −  D  i , t   E V , V 2 L    P i  E V    )   λ  l , t    



(5)




with


   l  b a s i c , t   =  ∑  j = 1  N    ∑  t ∈  P  a c       l  j , t   h v a c    S  j , t   H V A C   +    ∑  J = 1  N    ∑  t ∈  P  W H       l  j , t   E W H    S  j , t   E W H   +    ∑  j = 1  N    ∑  t ∈  P  C D       l  j , t   C D    S  j , t   C D     +  ∑  j = 1  N    ∑  t ∈ T    l  j , t   f i x e d     



(6)




where:



  D  i , t   E V , c    denotes the charging status of ith EV at time t;



  D  i , t   E V , V 2 L    and   D  i , t   E V , V 2 V    are the discharging decisions for V2L and V2V, respectively, for each single EV;



  l  j , t   h v a c   ,   l  j , t   E W H   , and   l  j , t   C D    are the rated power demand of the jth HVAC device, EWH, and CD, respectively;



  S  j , t   H V A C   ,   S  j , t   E W H   , and   S  j , t   C D    are the decided status of the jth HVAC device, jth EWH, and jth CD at time t;



  l  b a s i c , t    presents the basic power demand at time t;



  λ  l , t    is the power price at time t.



As expressed in Equation (6), the ultimate goal of this study was to minimize the operation cost of a power consumer j (i.e., a residential building), and maximize the profit of the overall operation system (i.e., EV aggregator or power grid).





3. Proposed Community Power Management Strategy


3.1. Traditional Immediate EV Charging Scheme


The traditional immediate EV charging scheme is a type of myopic strategy based on price information, that refers to uncoordinated decisions. In this charging mode, EVs are considered as a type of pure electric device for the electric power grid. Hence, an EV is charged directly once plugged into the main grid at its nominal charging power and stops charging when its battery pack is full or at its departure time from the charging grid. Indeed, for the whole electric grid, it presents a charging mode that aggravates the imbalances of supply–demand sides.



In particular, the EVs are recommended to be charged during the cheapest energy price periods through a scheduling process. The optimization problem is formulated by Equation (7), according to constraints (8)–(10).



Most users choose to charge their EV immediately after their day’s work (5 p.m.). Hence, the charging demand generally occurs over the evening peak intervals, resulting in a higher demand on the total consumed electricity from the grid (rebound peaks).



The minimization problem is formulated as an independent and individual EV charging decision in Formula (7):


  min F  ( C )  =  ∑  t = 1  T   l  b a s i c , t    λ  l , t   +  ∑  t = 1  T    ∑  i = 1  M   (  D  i , t   E V , c      P i  E V    )   λ  l , t    



(7)






   λ  l , t   =       λ     l , t     l o w   , if       t ∈    t 18  ,  t 24           λ     l , t     A v g   , if       t ∈    t 1  ,  t 8    ∪    t 14  ,  t 17           λ     l , t     h i g h   , if       t ∈    t 9  ,  t 13          



(8)




where   λ     l , t     l o w   ,   λ     l , t     A v g   ,   λ     l , t     h i g h    are the off-peak, mid-peak, and on-peak prices, respectively.


   D  i , t   E V , c   =      1 , charging       0 , idling       



(9)







Equation (8) ensures that the optimal EV charging status depends on the electricity cost intervals during the scheduling horizon, overlooking the effect of these decisions on the whole community profit and grid stability. Equation (9) represents the binary variable   D  i , t   E V , c    indicating the EV charging status.


  S o  C  i , min   ≤ S o  C  i , t   ≤ S o  C  i , max   ,     t ∈    t i int  ,  t i  o u t      



(10)







Constraint (10) expresses the permitted state of charge of the battery, where   S o  C  i , max     and   S o  C  i , min     express the maximum and minimum value of the state of charge, respectively;   t i  i n t    is the start time of the ith EV, and   t i  o u t    denotes the end time of the ith EV.



In this study, that charging scheme was considered as a benchmark, since it uses an uncoordinated EV charging strategy. Therefore, comparative studies between that scheme and two novel schemes, Uni-CPM and Bi-CPM, were conducted to highlight the obtained performance.




3.2. Unidirectional CPM Operation Mode (Uni-CPM)


By adopting the traditional charging scheme, the majority of consumers adhere to the same price signal. Hence, the loads usually operate outside of peak hours, which can result in a higher energy demand from the electricity grid. Therefore, the proposed Uni-CPM strategy was used to improve the performance of the system at a large scale (i.e., whole residential community) to meet the household electricity demand, coordinate EV charging, and mitigate the negative impacts of the uncoordinated EV charging strategy (e.g., rebound peaks, grid instability, etc.). In this study, the Uni-CPM model incorporated a power grid operator, EVs, CPM systems (CPMS), household devices, and other fundamental power system components.



In the Uni-CPM strategy, the allocation of the optimal charging start time of each   E  V i    was based on Equations (11) and (12), as a function of the required charging period (  T  i , r e q   ) and the sojourn period   T  i , s t a y   .


   β  i , urgency   =   T  i , s t a y    T  i , r e q     



(11)






  P r i o r i t  y =    E  V i  , . . . , E  V M     



(12)







Further,   T  i , r e q    and   T  i , s t a y    are defined by Equation (13) and Equation (14), respectively.


   T  i , r e q   =     η  b a t t e r y   ·  ( S o  C i  e x p   − S o  C  i , t   )     P  E V   · Δ t · 100     



(13)




where



  S o  c i  e x p     is the expected state of charge of the ith EV unit before the departure;



  S o  c  i , t     is state of charge level of the ith EV unit at the tth time period;



  η  b a t t e r y    is the efficiency of EV’s battery;



  Δ t   is a time step;



  P  E V    is the charging power of an EV (in   k W  ).


   T  i , s t a y   =  t i  o u t   −  t i int   



(14)







Note that   β  i , urgency    and   P r i o r i t y   varied because of the daily start   t i int   and departure time   t i  o u t    of each connected EV and   S o  C  i ,  t i int    E V     (SoC value at the arrival time of the ith EV). When that index was the lowest, it meant that that EV did not have enough time to reach its expected   S O  C    i    e x p    , which explained its need to be plugged in first. Then, sorting the priority charging for each   E  V i    could be expressed by Equation (12).



  β  i , urgency    was divided into two categories,   β  i , t   u r g e n t    and   β  i , t   n o r m a l   , as follows:




	-

	
A set of emergency charging indexes for urgent EVs:


   β  i , urgency   =    β  i , t   u r g e n t   , if   β  i , urgency   < 1 ,  T  i , s t a y   <  T  i , r e q   , ∀ t    



(15)








	-

	
A set of emergency charging indexes for normal EVs:


   β  i , urgency   =    β  i , t   n o r m a l   , if   β  i , urgency   ≥ 1 ,  T  i , s t a y   ≥  T  i , r e q   , ∀ t    



(16)













The planning process based on Uni-CPM was carried out in five steps:




	
Step 1: Data input



Primarily, it collects the EV charging load data for the following day, including:



   N , M ,  t i int  ,  t i out  , S o  C i exp  , S o  C  i ,  t i int    E V   , Δ t ,  P  E V   ,  ξ  b a t , i  c    



	
Step 2: Initialization



The initialization computes the sojourn period and the required period for a full charge for each EV’s battery according to Equations (13) and (14).



	
Step 3: Charging Priority



This step sorts the charging priority vector. After categorizing the EVs’ load into two subgroups (Equations (15) and (16)), the charging priority array is ranked (Equation (12)), so that the charging priority can be accessed in ascending order. When the necessary time to get the required   T  i , r e q    is higher than   T  i , s t a y       β  i , urgency    <  1   , the goal is to prioritize the EV having a low   β  i , urgency   . Indeed, the objective of this step is to guarantee a total desired level at departure time for all the vehicles    ( S o  C  i ,  t i out    E V   )  = S o  C i exp   )   .



	
Step 4: Charging time update



It updates the new charging schedule order of EVs. Each   E  V i    is scheduled for charging at the target time slot.



	
Step 5: Optimization Stage



(1.5) At this optimization stage, the decision variables of the proposed Uni-CPM scheme includes the operation status of each controllable appliance and the charging status of each   E  V i   . The objective function can be obtained by solving Equation (6). Here, the objective function is similar to the traditional charging strategy. However, extra subobjectives are considered as follows:



	-

	
An overall   S o  C i exp    should be achieved at EV user departure time.




	-

	
Minimize the PAR expressed in (17) at both single and neighbourhood levels.




	-

	
Reduce the user dissatisfaction comfort level.




	-

	
Avoid the generation of rebound spikes after the proposed schedules.







(2.5) Thereafter, a judgement is rendered on whether the total maximum demand capacity exceeds the urgent EV charging demand or not. If yes, the system manager starts to plug in the EVs that need charging at the present time slot based on their priorities. If not, only EVs with higher charging preference levels can be charged.



(3.5) Upon completion of this step, the remaining EVs’ satisfaction index   ρ i  d i s a t    is verified to judge if all EV loads are satisfied or not. If not, update the set t and go back to step 2 again to select the following required time with updated EV data. Otherwise, the Uni-CPM program comes to the end.



To better clarify the above algorithm steps, the implemented Uni-CPM program is elaborated in Figure 2.


  P A R =   l  p e a k    l  a v e r a g e     



(17)




where   P A R   is the ratio of maximum aggregate demand power   l  p e a k    to average aggregate consumed power   l  a v e r a g e   .








Bidirectional EV Operation Mode (Bi-CPM)


The second contribution of this study was to develop a smart collective model that could handle the various EV operation activities (charging/discharging). Hence, discharging statuses included V2L, and V2V, in addition to G2V charging statuses. The detailed mathematical formulation for the optimization problem is introduced in this section. Thus, the following assumptions were considered in the development of the proposed Bi-CPM model: (1) the studied vehicles were purely EVs; (2) the rated power of an EV corresponded to the EV charging or discharging power; (3) the reactive power of EVs was not included; (4) due to incentive goals, the electricity cost of the EV charging mode G2V and discharging modes (V2L and V2V) was similar.



A-Energy Constraints for EV Users’ Side



The activity of recharging a single EV during its recharging duration should satisfy the EV user’s desire for energy for movement.



Equation (18) indicates that an EV charge and discharge operation mode cannot be interrupted. So, at each time interval, an EV needs to be inactive, charging, or in one of its discharging activities (i.e., V2H, V2V, or V2L).


   D  i , t   E V , c   +  D  i , t   E V , V 2 L   +  D  i , t   E V , V 2 V   =      0 , inactive       1 , either     charging        or     discharging     mode       



(18)







Additionally, the following constraint should be satisfied to guarantee that the discharging power of V2L and V2V will not flow into the power grid:


   l  b a s i c , t   +  ∑  t = 1  T   (  D  i , t   E V , c     P i  E V   −  D  i , t   E V , V 2 V    P i  E V   −  D  i , t   E V , V 2 L    P i  E V    ) > 0   



(19)







Equations (20) and (21) represent the battery charge requirement for an EV, where   S o  C i  E V , min     and   S o  C i  E V , max     are usually set at 37.5% and 90% to extend the EV’s battery life [18]. The time was set to   T = [ 1 , . . . , 24 ]   with a resolution of one hour during a day, and N is usually equal to 1 for a single residential building.


  S o  C i  E V , min   ≤ S o  C  i , t   E V   ≤ S o  C i  E V , max   , ∀ t ∈ T , ∀ i ∈ M  



(20)






  S o  C  i , t   E V   = S o  C  i ,  t i int    E V   +    ζ  b a t , i  c   P i  E V     C i  E V     ∑  t =  t i int   t   D  i , t   E V , c   −    ζ  b a t , i  d   P i  E V     C i  E V     ∑  t =  t i int   t   (  D  i , t   E V , V 2 L    +  D  i , t   E V , V 2 V    )   



(21)




where



  C i  E V    is the battery capacity of the ith EV;



   ζ  b a t , i  c     and    ζ  b a t , i  d     are the charging and discharging efficiencies of the ith EV, respectively.



For the required energy from an EV user, Equation (22) states that the charging activity of an individual EV during its charging period should satisfy the expected energy of the EV user at departure time.


    S o  C  i ,  t i  o u t     E V   − S o  C  i , i d e a l   E V     ≤ ε ,  ε →  0 +   



(22)




where Equation (23) explains the calculation of the state of charge at   t i  o u t    (  S o  C  i ,  t i  o u t     E V    ).


  S o  C  i ,  t i  o u t     E V   = S o  C  i ,  t i int    E V   +    ζ  b a t , i  c   P i  E V     C i  E V     ∑  t =  t i int    t i out    D  i , t   E V , c   −    ζ  b a t , i  d   P i  E V     C i  E V     ∑  t =  t i int    t i out    (  D  i , t   E V , V 2 H   +  D  i , t   E V , V 2 L    +  D  i , t   E V , V 2 V    )   



(23)







Equation (24) represents the V2V discharging mode at a time period t. Namely, the number of EVs acquiring energy from other vehicles during their plug-in time cannot exceed the number of cars transferring energy to other EVs. This means that the total number of EVs operating in V2V mode each time should be equal to or greater than the total number of EVs operating in charge mode.


   ∑  i = 1  M    D  i , t   E V , c   −  ∑  i = 1  M   D  i , t   E V , V 2 V    ≥ 0  



(24)







B-Management of Charging/Discharging of EVs



For the above Bi-CPM model, both EVs charging and discharging statuses should be solved, in addition to controllable devices. Therefore, charging/discharging decisions were designed as Boolean variables attributed to the charging status   D  i , t   E V , c    or to the discharging   D  i , t   E V , V 2 L   , and   D  i , t   E V , V 2 V    for V2L and V2V, respectively, for each single EV.



Since different discharging scenarios and buildings were involved, a generic model was designed to conduct the optimization process for different operations of EVs, as displayed in Figure 3. The information, including electricity prices, available PV power, EVs’ data, the preference of sharing activities (charging/discharging), and other main datasets were collected at the initial step of the proposed Bi-CPM program.



Based on the data acquired, the optimization problem was set. Next, it was resolved to get the charging/discharging solutions for the available EVs. It was assumed that the preferences of charging/discharging behaviours for various users could be adjusted according to practical requirements.



Moreover, calculating the emergency index, and sorting the charging priority array for the connected vehicle using Equations (11) and (12), the scheduling system used a self-consumption factor   α i   that was expressed as a function of available PV power and EV demand.


   α i  =   P  p  v i     P  E  V i      



(25)







As given in Equation (25),   α i   was expressed as an instantly available ratio between the available PV power and the total EV power demand. If the PV availability was sufficient to satisfy the EV charging power for the plugged vehicle    α i  ≥ 1  , the system took advantage of its internal production   P  p  v i    . Otherwise, if    α i  > 1  , the extra PV power was supplied to other loads or injected into the following prioritized EV.



On the other hand, in the case where    α i  < 1  , a V2V scheme was required. The EV with the lowest emergency index could be distributed to the plugged-in EV through the adoption of V2V scenarios.



During this discharging phase, EVs with higher   S o  C  i ,  t i int    E V     and   β  i , urgency    levels (i.e.,    β  i , urgency   =  β  i , t   n o r m a l     ) shared a fraction of their energy with vehicles having a lower   S o  C  i ,  t i int    E V     and    β  i , urgency   =  β  i , t   u r g e n t    .



The difference compared to the Uni-PCM was that the bidirectional power stream was assigned by the Bi-CPM. This considered an EV’s battery discharging toward a generic load (V2L or V2V), unlike the one-way power flow, which only took into account the direction of the energy source (the grid in our case or PV) to the EV.



C-Solution Methodology



For the above Bi-CPM strategy, decision variables consisted of three parts: (1) the charging and discharging statuses; (2) the operation status of each controllable appliance; (3) the power consumed by the neighbours. These decision variables were encoded and expected to be solved for each single home in the studied community. Hence, each single home would have   6 × 24   variables. Considering all these boolean decision vectors for the whole community of 1000 users required an enormous computational effort for the MIP model. MIP has been extensively applied to programming issues and is often the initial approach to address a new programming problem. However, to supplement the performance improvements of the MIP model, it is necessary to use them with modern solver technology. To solve this problem, involving complex compromises between competing decisions and allowing a large number of possible solutions, only MIP has the power to find the best or optimal solution [27]. The Gurobi optimizer was employed to solve the proposed models in this study. The optimum solution of both Uni-CPM and Bi-CPM problems were found.



Algorithm 1 displays the key workflow steps for the MIP model using the Gurobi Optimizer.






	Algorithm 1 Workflow of MIP model for EV scheduling



	
	1:

	
  m = M o d e l ( “ m i p 1 ” )  # Create the MIP model




	2:

	
for    i = 1 : M    do




	3:

	
    for   t = 1 : T   do




	4:

	
           D  i , t   E V , c   = m . a d d V a r   v t y p e = G R B . B I N A R Y ,  n a m e =  D  i , t   E V , c       # Create the variables




	5:

	
           D  i , t   E V , V 2 L   = m . a d d V a r   v t y p e = G R B . B I N A R Y ,  n a m e =  D  i , t   E V , V 2 L       




	6:

	
           D  i , t   E V , V 2 V   = m . a d d V a r   v t y p e = G R B . B I N A R Y ,  n a m e =  D  i , t   E V , V 2 V       




	7:

	
          m o d e l . s e t O b j e c t i v e ( F ( C ) , G R B . M I N I M I Z E )   # Set the objective




	8:

	
        Generate energy constraints for EV users’ side # Add the model constraints




	9:

	
          m . o p t i m i z e ( )   # Optimize the model




	10:

	
          p r i n t (  D  i , t   E V , c   ,  D  i , t   E V , V 2 L   ,  D  i , t   E V , V 2 V   )   # Report result




	11:

	
    end for




	12:

	
end for

















4. Case Studies and Analyses


In this part, the impact of the EV charging on the peak loads of power grid is discussed. The grid performance was evaluated in the presence of EVs with different operating modes: (1) the traditional immediate charging mode; (2) the proposed Uni-CPM operation; and (3) the novel developed Bi-CPM operation. Simulations were carried out using the python programming language.



A comparative analysis between the two novel strategies, Uni-CPM and Bi-CPM, and the benchmark immediate EV charging approach were performed to highlight the benefits of the proposed CPM. Since both Uni-CPM and Bi-CPM schemes aimed to alleviate the worst weaknesses occurring under the traditional immediate EV charging scheme, both approaches were simulated by taking into consideration heterogeneous conditions of EV users (departure time, expected state of charge, preference of participating in charging/discharging processes, etc.).



Moreover, different cases were analysed to assimilate the role of CPM integrated with the G2V and/or V2L and V2V modes as an alternative energy source on the efficient energy sharing and electricity tariffs reduction over the whole community of smart houses, respectively. The first case considered 1000 houses without PV production in which the G2V traditional charging model, coordinated charging model, and the V2L and V2V charging/discharging models were implemented. The second case corresponded to 1000 houses equipped with a PV energy source and also subject to the EV conventional charging, coordinated charging, and V2L and V2V charging/discharging. The different designed cases are shown in Table 1.



Basic Parameter Settings


To evaluate the performance of the proposed charging models, a complete day with a 24 h time horizon was considered, with a time granularity of 1 min. The EVs considered were private vehicles with a similar capacity of 24 kWh and nominal charging power of 3.3 kW. Both charging   ζ  b a t , i  c   and discharging   ζ  b a t , i  d   efficiency were set to 0.98. Table 2 depicts the main technical specifications of the simulated EVs. Based on existing works, the arrival of EV users was 6:30 p.m., while their departure times were taken randomly [23,25,28].



In this study, the proposed models were used to optimize the charging and discharging statuses of EVs based on intervals of the initial   S o  C  i ,  t i int    E V     and target state of charge   S o  C i exp   , as given in Table 2. Figure 4 presents the electricity price signal used for the tests. As previously mentioned, this work aimed to develop a generic model that could perform in different smart buildings conditions. Therefore, the price vector was assumed for the testing objective, which meant that the prices could take other values and achieve the same performance. As can be seen in Figure 4, the high price period occurred during     t 9  ,  t 13    . In addition, the studied NRAN involved 1000 consumers with a different rate of preference for the participating EVs (  Pr i  ).



A-Community of Buildings without PV:



In this case, the electricity demand in all houses was provided by the grid and EVs were also charged from the grid, i.e.,    P  P V   2 L   = 0  , and    P  P V   2 V   = 0  . The total grid power demand for the whole area based on the three EV scheduling strategies are given in Figure 5. According to the simulation outcomes (Figure 6c), the case of the “traditional immediate EV charging scheme” had the highest grid power demand compared to the two other strategies over the day. As most of EVs were directed to charge after 17:00 (i.e., when users return home after work), the uncoordinated behaviour of the parked EVs generated a high peak load in the total grid consumption. In addition, a higher grid power demand during 17:00-19:00 induced an increase in electricity fees imposed by selfish EV charging demand by charging each EV immediately after returning home without considering CPM as displayed in Table 3.



In the proposed “Uni-CPM” (Figure 6b) and “Bi-CPM” (Figure 6a) schemes, the lowest EV total grid demands are shown over the day, because EVs were charged according to the CPM shemes, therefore it was profitable to charge EVs based on the whole community load demand and EV charging necessity. In the case where the charging and discharging ability of EVs were permitted, the EVs were directed to discharge when the load price was high, performed V2L (at 19:00–22:00), and chose to share in the V2V mode when price was also attractive (mid-peak period), without increasing the whole community peak load (depicted in Figure 5).



Furthermore, the PAR for the total buildings were 2.48 and 2.38 with Uni-CPM and Bi-CPM, respectively, implying a reduction of 6.9% in energy fees with EV sharing enabled. This shared EV power was used to decrease the total grid power demand by up to 23.51% as displayed in Table 3.


   l  b a s i c , t   +  ∑  t = 1  T   (  D  i , t   E V , c    P i  E V   −  D  i , t   E V , V 2 V    P i  E V   −  D  i , t   E V , V 2 L    P i  E V   )  ≤  l  limit    



(26)







Although the huge capacity of the grid could supply a maximum demand capacity, the NRAN’s complex referred to a contract with a system manager to set a limited power consumption called the restricted demand capacity   l  limit   . Accordingly, this constraint imposed an upper limit to the total energy consumed in any time slot as expressed in Equation (26).



In another way, to better examine the efficiency of the proposed scheduling strategies, we evaluated the dissatisfying SoC level when the system coordinated all 1000 EVs under a lower restricted demand capacity (e.g., 4400–6500 kW). To measure the dissatisfaction level, a defined   ρ i  d i s a t    of the ith EV was expressed by Equation (27).


   ρ i  d i s a t   = S o  C i exp  − S o  C  i ,  t i int    E V    



(27)







For a quantitative analysis of the dissatisfaction comfort index reduction, we evaluated two metrics,   ρ i  d i s a t    and the total number of EVs accommodated for a complete charge, which was measured by the average aggregate number of EVs achieving   S o  C i exp   .



As shown in Figure 7b, the proposed Bi-CPM scheme indicated a significantly greater number of EVs hosted for a complete charge without exceeding the restricted power capacity, relative to the traditional EV charging scheme. With a limited power capacity of 5500 kW, the proposed coordination scheme could accommodate up to 837 EVs throughout the community.



It should be noted that the level of dissatisfaction   ρ i  d i s a t    and the number of indicted EVs had a compromise relationship between them in the proposed Bi-CPM scheme. In other words, a smaller   ρ i  d i s a t    could cause a larger number of EVs to completely charge in the proposed scheme. On the other hand, in the traditional EV charging scheme, using the contracted power capacity with all 1000 smart buildings, there was no EV completely charging under the smaller restricted power capacity (for example,   l  limit    = 3500 kW).



Figure 7a exhibits the average level of   ρ i  d i s a t    for all 1000 EVs of the proposed CPM schemes as the limited power capability increased. It can be shown that the average dissatisfaction level decreased as the   l  limit    increased, and the proposed Uni-CPM system achieved a zero   ρ i  d i s a t    dissatisfaction level above   l  limit    = 6000 kW.



As explained in Section 3, the challenge of energy sharing preference among users was quantified through the evaluation of EV charging/discharging cycles. The values of the   Pr i   coefficient for the EV charging/discharging cycles were therefore simulated to examine the influence of the number of EVs participating in the economy sharing. Hence, the proposed Bi-CPM was analysed for different   Pr i  ’s and the simulation results including the total EV charging and discharging loads and the economic profit are presented in Figure 8.



As can be seen from Figure 8, with a   Pr i   increase, EVs preferred to perform more discharging cycles; therefore, the users intelligently selected to perform charging or discharging in adjacent time slots as   Pr i   increased. In the case of    Pr i  = 0  , the details of the EV behaviours for that scenario were similar to those of the Uni-CPM model and the discharging cycles were excluded, since no EVs were selected to share. It can also be clarified from Figure 8 that the economic profit tended to raise more when   Pr i   increased, while it presented smallest values when the value of EV sharing was less (i.e., with smaller   Pr i  ).



The preference for sharing is thus a significant concern that can affect the EV charging/discharging actions and the operating costs of the power demand profile.



B-Community of Buildings Equipped with PV



In this case, the daily electricity demand was preferably supplied by PV power. The grid offered power to charge EVs or others loads when the PV power was insufficient to meet the home load. The PV power supplied by the PV system installed at each home could also be delivered for both load demand usage and EV charging consumption.



Figure 9 illustrates the PV power demand consumed from household loads and PV-based charging of EVs. In Figure 9a, a great proportion of PV power was utilized to fulfil the resident load demand, demonstrating a minor difference among the two proposed CPM schemes.



Using the proposed “Bi-CPM” scheme, more PV power was used to charge EVs during the time interval 17:00–21:00 than in the “Uni-CPM” scheme, since the charging demand of EVs was heavy due to the discharging operation of EVs. This indicated that the discharging power from EVs could be used for the charging demand of EVs. Accordingly, a great decrease of the total grid power consumption for EV charging was achieved through the proposed “Bi-CPM” scheme.



This was supported by the results from Table 4, by using PV power for the local demand and EV charging, the consumption cost was reduced by 3579 cents as the grid power demand was reduced. The supplied PV energy from EV batteries could shift from PV power production peak to power demand peak with peak shaving using the V2V and V2L modes of the Bi-CPM scheme. Thus, an effective improvement of the PV self consumption rate was a necessity. The PV consumption rate could be calculated using Equation (28), adopted from [29].


  P  V  r a t e   =    P  P V   2 L   +  P  P V   2 V     P  P V , t   T o t a l    × 100  



(28)




where   P  P V   2 L    represents the PV energy consumed by the loads,   P  P V   2 V    is the PV energy used to charge the EV, and   P  P V , t   T o t a l    is the total daily PV energy.



Figure 10 shows the total electricity consumption provided by the grid, PV source, and EV sharing under the Bi-CPM and Uni-CPM schemes. It can be seen from Figure 10 that the V2L and V2V exchanges could cover a significant electricity demand requirement, thereby reducing the grid electricity consumption. It presented a positive signal for the development of the Bi-CPM scheme since the proportion of grid consumption in the Uni-CPM was larger than that of the Bi-CPM. Therefore, it can be depicted that the Bi-CPM scheme contributed to reducing the electricity cost, PAR minimization, and emission reduction.





5. Conclusions


Cooperative power management among smart homes presents a major challenge in smart grid management. This study classified residential households into two main types and modelled each type based on their technical or thermal characteristics and the requirements of users, in order to satisfy users. Two novel EV charging management strategies operating in a CPM model were proposed. The two CPM strategies varied as a function of the power flow direction. The Uni-CPM only considered the grid to EV flow direction. However, the Bi-CPM enabled a two-way power flow among loads and EVs (V2V and V2L), in addition to a smart EV charging scheduling to ensure an overall expected SoC at the leaving times of all users.



For this, a robust Gurobi optimizer based CPM was proposed to optimally manage the charging/discharging EVs’ power flow to avoid peak demand, ensure electricity cost savings and minimal consumer dissatisfaction. Intensive simulations were carried out to evaluate the performance of the proposed strategies in which a traditional EV charging scheme was taken as a benchmark.



Results showed improvements of 967 EVs (Uni-CPM) and 837 EVs (Bi-CPM) in the number of EVs achieving an expected SoC at departure time, considering about 23.51% and 20% of highest peak reduction after implementing the Bi-CPM and Uni-CPM schemes, respectively.



Both emergency- and priority-based EV charging planning strategies resulted in savings of up to 5.7% and 6.9% over the traditional EV charging system. For the best-performing results, a PV integration was tested as a second case of the two proposed schemes in order to minimize external grid consumption. Considering the same conditions, the Uni-CPM and Bi-CPM schemes presented similar performances in terms of minimal peak load, PAR, and cost saving. By using the Bi-CPM scheme, the average consumption of the supplied network was lower than that of the Uni-CPM thanks to the bidirectional operation mode (V2V and V2L).



This research can be expanded into several directions. A first direction would be to manage several EV users within a common renewable energy, energy storage, and electricity grid, including the analysis of battery degradation levels over the life cycle of energy storage units and EV batteries. Second, a practical implementation of the proposed CPM framework for domestic applications should be validated by a test bench with a PV source and an EV connected to the electricity network, which is typical of modern intelligent buildings.
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Nomenclature




	i
	EV index



	j
	Home index



	t
	Time index



	T
	Time interval set



	M
	Set of EVs



	N
	Set of buildings



	   S o  C  i , min     
	Minimum SoC limit for the EV



	   S o  C  i , max     
	Maximum SoC limit for the EV



	   S o  C  i ,  t i int    E V     
	SoC value at arrival time of the ith EV



	   S o  C  i ,  t i out    E V     
	SoC value at departure time of the ith EV



	   S O  C    i    e x p     
	Expected SoC of the ith EV from the user



	    ζ  b a t , i  c     
	Charging efficiency of the ith EV



	    ζ  b a t , i  d     
	Discharging efficiency of the ith EV



	   D  i , t   E V , c    
	Charging decision at time t of the ith EV



	   D  i , t   E V , V 2 L    
	V2L decision at time t of the ith EV



	   D  i , t   E V , V 2 V    
	V2V decision at time t of the ith EV



	   t i  i n t    
	Start time of the ith EV



	   t i  o u t    
	End time of the ith EV



	   l  b a s i c , t    
	Basic power demand at time t



	   l  j , t   C D    
	Rated power demand for the CD consumption unit.



	   l  j , t   E W H    
	rated power demand for the EWH consumption unit.



	   S  j , t   H V A C    
	Decided status for the HVAC unit.



	   S  j , t   C D    
	Decided status for the CD unit.



	   S  j , t   E W H    
	Decided status for the EWH unit.



	   l  j , t   h v a c    
	Rated power demand for the HVAC consumption unit.



	   l  j , t   E V    
	Rated power demand for the EV consumption unit.



	   l  j , t   f i x e d    
	Fixed power demand for building j.



	   λ  l , t    
	Power price at time t
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Figure 1. Overview of a single smart building. 
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Figure 2. Flowchart of the proposed Uni-CPM scheme. 
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Figure 3. Flowchart of the proposed Bi-CPM scheme. 
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Figure 4. Price signal for simulation. 
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Figure 5. Total grid power consumption for the three schemes. 
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Figure 6. Obtained profiles in case1. 
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Figure 7. Analysis of average SoC dissatisfaction level and number of EVs completely charged for all 1000 EVs. 
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Figure 8. Simulation results of the EV charging/discharging loads with different   Pr i  ’s; the total cost profit improvement is shown in the small frame. 
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Figure 9. Obtained profiles in case 2. 
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Figure 10. Total household electricity consumption provided in case 2 under Uni-CPM and Bi-CPM. 
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Table 1. Simulation cases and scenes.






Table 1. Simulation cases and scenes.





	
Case 1: No Integrated PV

	
Case 2: Integrated PV






	
Scenario 1

	
Scenario 2

	
Scenario 3

	
Scenario 4

	
Scenario 5




	
Traditional immediate charging scheme

	
Uni-CPM scheme

	
Bi-CPM scheme

	
Uni-CPM scheme

	
Bi-CPM scheme
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Table 2. Simulation parameters.






Table 2. Simulation parameters.











	Parameter
	Value
	Parameter
	Value





	  t i  o u t    range
	[20:00, 11:00]
	   S o  C i  E V , min     
	0.375



	  t i  i n t    range
	17:00
	   S o  C i  E V , max     
	1



	  S o  C  i ,  t i  i n t       range
	   [ 0.375 , 0.65 ]   
	   ζ  b a t , i  c   
	0.98



	   ζ  b a t , i  d   
	0.98
	  P i  E V   (kW)
	3.6



	  S o  C i exp    range
	   [ 0.5 , 0.1 ]   
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Table 3. Comparison of obtained performance under different schemes in case 1.
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	Scenario
	PAR
	Highest Peak Demand (kW)
	Highest Peak Reduction (%)
	Cost (   ×  10 3     Cents)
	Cost Saving (%)





	1
	2.38
	5491.29
	23.51
	385,285
	6.9



	2
	2.48
	5739
	20
	391,292
	5.7



	3
	3.07
	7179.41
	-
	413,692
	-
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Table 4. Comparison of obtained performances under different schemes in case 2.






Table 4. Comparison of obtained performances under different schemes in case 2.





	Scenario
	PAR
	Highest Peak Demand (kW)
	Cost (   ×  10 3     Cents)
	PV Consumption Rate (%)





	4
	1.8
	2443
	234,273
	36.9



	5
	1.77
	2441
	230,694
	36.5
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