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Abstract

:

The increase in the number of electric vehicles (EVs) has led to increased global expectations that the application of this technology may result in the reduction of CO2 emissions through the replacement of conventional petrol vehicles and ensure the flexibility of power systems such as batteries. In this paper, we propose a residential demand response (DR) evaluation model that considers the degradation mechanism of the EV battery and examines the effective battery operation. We adopted the already-proposed NiMnCo battery degradation model to develop an EV DR evaluation model. In this model, the battery operation is optimized to minimize the electricity and degradation costs affected by ambient temperature, battery state of charge (SOC), and depth of discharge. In this study, we evaluated the impact of the relevant parameters on the economics of the DR of EV batteries for 10 all-electric detached houses with photovoltaic system assuming multiple EV driving patterns and battery (dis)charging constraints. The results indicated that the degradation costs are greatly affected by the SOC condition. If a low SOC can be managed with a DR strategy, the total cost can be reduced. This is because the sum of the reduction of purchased cost from the utility and calendar degradation costs are higher than the increase of the cycle degradation cost. In addition, an analysis was conducted considering different driving patterns. The results showed that the cost reduction was highest when a driving pattern was employed in which the mileage was low and the staying at home time was large. When degradation costs are included, the value of optimized charging and discharging operations is more apparent than when degradation costs are not considered.
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1. Introduction


The deployment of electric vehicles (EVs) has been growing rapidly in the past 10 years, resulting in a high global stock of electric passenger cars in 2018 (over 5 million). Furthermore, the International Energy Agency (IEA) predicts that this global stock will reach 250 million vehicles by 2030 based on the EV30@30 scenario [1]. The mass introduction of EVs has led to global expectations because CO2 emissions may be reduced by replacing conventional petrol vehicles and the flexibility of power systems as batteries may be ensured. Photovoltaic (PV) and wind power generation, which are predicted to increase in the future, have downsides because of the fluctuating power generation output that is dependent on the weather and time of day. Therefore, it is essential to secure flexible resources of the power system in order to stabilize the output. Flexible resources that contribute to grid stability include thermal power plant backups, renewable energy generation output control, and use of demand response (DR) at the demand side. DR refers to the control of energy storage devices on the demand side, such as the batteries of EVs and heat pump (HP) water heaters, and methods of cost-effectively utilizing these resources are being explored worldwide.



The smart charging and discharging of EV batteries, combined with the increasing number of distributed renewable energy resources, will prevent shortages in distribution capacity and contribute to the maintenance of power supply and demand. Various EV integration management models have been proposed to quantitatively evaluate the effect of EVs on the power grid. The authors have proposed a macro-model to assess the impact of EVs on DR, which integrates supply and demand to minimize the total cost of the power system using a quantitative evaluation [2]. Furthermore, a residential model has also been proposed, which aims to minimize the cost of electricity for an entire household, including EVs [3]. However, additional charge/discharge cycles of an EV, caused by DR, which shortens the battery life, were not considered in the model. As a result, the prediction of the economic impact on EV users based on a model that considers a degradation mechanism due to charge/discharge cycles is first required.



In this paper, we propose a DR evaluation model that includes the degradation mechanism of the EV battery. With this model, we also investigate the most effective battery operation. The novelty of this study is that the additional costs of calendar and cycle degradation are explicitly modeled and incorporated into an EV charge/discharge planning and operation model that can take into account the uncertainty of EV driving, which enables the comprehensive economic evaluation of DR by EVs.



The rest of this paper is organized as follows. In Section 2, the literature related to our study is reviewed. In Section 3, the battery degradation model is described. In Section 4, the EV DR evaluation model considering battery degradation is discussed. In Section 5, we present the simulation case and its results. Finally, topics for future research are presented in Section 6.




2. Literature Review


In this section, the following topics, which were significant for this research, were reviewed: (1) modeling of the degradation of the battery structure, and (2) DR evaluation of vehicle-to-grid (V2G) considering battery degradation. Thompson et al. [4] conducted a literature review on the economic effects of the degradation of lithium-ion batteries for V2G services, resulting in studies on the mechanisms of degradation, characteristics of each battery type, and examples of economic evaluations.



2.1. Modeling the Degradation of Batteries


The battery state of health (SOH) is defined by the capacity reduction (i.e., capacity fade) and the decrease in the battery output due to increased internal impedance of the battery (i.e., power fade), with the former being the most commonly discussed [4]. These degradation mechanisms result in calendar aging and cycling aging, which are aging behaviors that occur when the battery is at rest and when it is being used, respectively, and which are exacerbated by degradation drivers. Furthermore, calendar aging depends on temperature and state-of-charge (SOC), whereas cycling aging additionally depends on charge current (C-rate) and depth of discharge (DOD or ΔSOC). Battery degradation models can be categorized into theoretical and empirical models, as well as models based on the combination of theoretical analysis and experimental observations. The combination models are termed "semi-empirical lifetime models." They consist of deriving basic degradation equations and generating coefficients such as rate laws and fitting them to experimental data. These models are suitable for storage and operation planning, and the degradation effect from calendar and cycling aging can be implemented as an additional effect. Several representative organizations have proposed semi-empirical lifetime models of lithium ion batteries [5,6,7,8,9].



A typical example of a semi-empirical lifetime model is the National Renewable Energy Laboratory (NREL) model [8]. The NREL model was originally based on lithium nickel–cobalt–aluminum oxide (NCA) chemistry and was later updated to incorporate lithium iron phosphate (LFP) chemistry. The primary model outputs were battery capacity and internal impedance, and both calendar and cycling aging were incorporated. This model is unsuitable for application to our intended optimization model, which treats calendar and cycle aging separately, because it was represented by a nonlinear model that integrates two aging mechanisms and the parameters were not explicitly stated within the paper.



Wang presented a model based on accelerated life testing of a large test matrix of battery conditions for a 1.5 A h 18650 lithium manganese oxide–lithium nickel cobalt manganese oxide (LMO–NMC) Sanyo technology [7]. The calendar life loss model was developed by fitting the model parameters to a fundamental capacity loss equation. This equation assumed an Arrhenius dependence on temperature. The degradation due to cycling was calculated by subtracting the calendar life loss model from the measured total loss of the data. They provided a thorough description of the test conditions and fitting parameters. Xu et al. proposed a semi-empirical battery capacity degradation model intended for off-line battery life assessments [9]. The model combined theoretical analyses with experimental observations, and thus it provided an accurate model within the operating region covered by the experimental data applicable to other operating conditions. They modeled calendar and circle degradation separately, and a cycle-counting method was incorporated to identify stress cycles from irregular operations. Here, the proposed DOD stress model data were limited to LMO batteries. Schmalstieg et al. presented a holistic aging model including an impedance based electric–thermal mode based on an accelerated aging test set that included more than sixty cells of a commercial high-energy 18650 system with NMC cathode material [6]. Both capacity loss, as well as resistance increase were addressed, while calendar and cycle aging were considered separately.




2.2. DR Evaluation of V2G Including Degradation


In many previous studies, impact assessments of battery degradation due to DR of V2G were performed by assuming patterns of vehicle driving and V2G use in advance. Furthermore, the degradation was evaluated by applying the degradation models introduced in Section 2.1 [9,10,11,12]. In a few studies, the optimization of the battery operation was performed considering the degradation costs [13,14,15].



Hoke et al. proposed an intelligent charging algorithm that minimized the total cost of charging (energy costs and battery degradation costs) [13]. The battery degradation model was simplified so that it could be incorporated into the optimization model with reference to the detailed model developed by NREL [8]. The results of the optimization showed that reducing the SOC reduced battery degradation and led to the most economical battery operation. Vazquez et al. [14] presented an optimization model of battery operation for EVs that used a real-time pricing scheme and considered the cost of battery degradation. In this paper, the degradation cost was evaluated based on the number of charge/discharge cycles, while the depth of the discharge and other major degradation factors, such as ambient temperature and SOC, were not accounted for. Uddin et al. [15] developed an algorithm that identified the optimal point by increasing the SOC, thus determining the charge/discharge timing that minimizes the degradation cost based on the required trip demand. The electricity tariff, however, was not considered in this optimization.



Papers published in 2017 discussed the viability of V2G, drawing different conclusions regarding the detailed account of battery degradation. Although Dubarry et al. [16] proved that additional cycling to discharge EV batteries to the power grid is detrimental to the performance of the battery, Uddin et al. [15], by contrast, argued that V2G could extend the life of lithium-ion batteries. Both research groups later agreed that while simplistic V2G approaches that do not consider battery degradation are not economically viable, a smart control algorithm, whose objective is to maximize the longevity of the battery, can solve this issue [17].



Therefore, in this paper we propose an DR evaluation model to realize the operation of EV batteries, minimizing their lifespan degradation through appropriate management suggestions.



We adopted the degradation model derived by Schmalstieg [6] for an NMC battery, which is commonly used as an EV battery. In this model, calendar and cycle aging were separately modeled, and the parameters of the model were quantitatively described. The framework of this study is shown in Figure 1. A linearized battery degradation model was incorporated into the optimization model in the planning step in the EV DR estimation model, and the original detailed nonlinear model was used in the final cost calculation in the operation step.



Furthermore, an EV DR evaluation model was proposed and analyzed to minimize the electricity rates and degradation costs affected by ambient temperature, battery SOC, and DOD.



The contribution of this paper can be summarized as follows:




	
The battery degradation model is combined with the EV DR evaluation model to evaluate the degradation cost due to additional charge/discharge operations.



	
By modeling the degradation factors of the battery by dividing them into calendar degradation and cycle degradation, the relationship between each factor and the operation method can be clearly evaluated.



	
The EV DR evaluation model uses EV fleet data using a Monte Carlo simulation based on the actual EV utilization and offers a realistic evaluation.








Our EV DR evaluation model is based on charge and discharge control based on hourly driving demand and residential electricity demand for arbitrage under assumed electricity tariffs and does not cover shorter time interval controls such as frequency control.





3. Battery Degradation Model


Generally, battery degradation is evaluated based on the highest value when comparing the capacity fade and power fade. Most of the previous studies have already addressed capacity fade degradation. Therefore, we also calculated the degradation cost due to capacity degradation based on the degradation model derived by Schmalstieg [6]. The NMC model [6] is a holistic aging model that uses an impedance electric–thermal mode based on an accelerated aging test set, which consists of more than 60 cells of a commercial high-energy 18650 system with NMC cathode material. Both calendar and cycle aging were separately evaluated in the model.



In the proposed EV DR evaluation model, the degradation is modeled as the sum of calendar and cycling aging (Equation (1)), because it is easy to linearize.


   L  c a p   =  L  c a l   +  L  c y c    



(1)







The original calendar and cycle aging models were linearly approximated for the optimization step in the EV DR estimation model, as described below.



3.1. Calendar Aging


𝐿𝑐𝑎𝑙 was modeled based on the elapsed time, cell temperature, and the secondary open-circuit voltage (OCV), which determines the SOC in the NMC model [6]. The OCV–SOC correlation is shown in Figure 1.


   L  c a l   = 1 −  α  c a p   × d a  y  0.75    



(2)






   α  c a p   =  (  7.543 V − 23.75  )  × exp  (  1 − 6976 / T  )  ×   10  6   



(3)







By making the appropriate modifications, the degradation model can be rewritten based on 𝛳𝑇 and 𝛳𝑆𝑂𝐶.


   L  c a l   = 1 −  θ T  ×  θ  S O C    



(4)







Here, 𝛳𝑇 is the calendar degradation coefficient due to temperature, and 𝛳𝑆𝑂𝐶 is the calendar degradation coefficient due to SOC at the reference temperature (25 °C).



Figure 2 shows the contribution of the SOC to the degradation, which is called SOC degradation and is obtained from Equations (2) and (3) at the reference temperature. Here, V in Equation (3) was calculated through the linear interpolation of the plot in Figure 3. SOC degradation, when the elapsed time was 1090 days (3 years), which was assumed to be half of the battery life, was adopted as the average SOC degradation model, which was approximated by a linear piecewise interpolation. We assumed that the battery life was 6 years based on the information of the actual value of the warranty period of 5 to 8 years for in-vehicle batteries. To obtain the temperature degradation coefficient, Equation (3) was modified, and 𝛳𝑇 was plotted as a function of 𝑇 minus 𝑇𝑟𝑒𝑓 and fitted as an exponential curve, as shown in Figure 4.


   θ T  = 0.9725 × exp  (  0.0728  (  T −  T  r e f    )   )   



(5)







Here, 𝑇𝑟𝑒𝑓 is the reference cell temperature (25 °C).



The cell temperature of an EV battery is primarily affected by a cooling device. Although some previous models considered the transient behavior due to the difference between the cell and environment temperatures, in this study, it was assumed that the cell temperature is equal to the environment temperature, as was the case in [18]. Furthermore, in this work, the temperature degradation at 15 °C was used for situations in which the temperature was lower or equal to 15 °C.




3.2. Cycling Aging


Lcyc is firstly modeled by Equations (6) and (7) based on V and DOD, as indicated in [6]:


   L  c y c   = 1 −  β  c a p   ×  Q  0.5    



(6)






   β  c a p   = 7.348 ×   10   − 3   ×    (  V − 3.667  )   2  + 7.6 ×   10   − 4   + 4.081 ×   10   − 3   × D O D  



(7)




where Q is the energy throughput (EFC), which is the number of cycles required for the accumulation of the number of Ampere-hours stored in the battery. Q equals 1 at a one-cycle operation of 100% DOD.



In our model, the influence of SOC (V) in cycle aging was neglected to simplify the model. As a result, cycle degradation was evaluated based only on DOD in the optimization stage. Cycle aging was linearly approximated, as in Equation (8), for optimization in the EV DR estimation model.


   L  c y c   = 1 −  θ  d o d   × Q  



(8)




where 𝛳dod is the linearized DOD degradation coefficient per EFC for cycling aging. Figure 5 quantifies the contributions of each parameter by showing the cycle degradation obtained with Equations (6) and (7), when EFC = 1000 and DOD = 10%. When the SOC contribution is greater than or equal to 20%, the cycle degradation increases with SOC. As storage batteries usually operate under this condition, the reduction of SOC basically leads to the reduction of cycle aging. Furthermore, a lower SOC is preferred in the optimization model for the influence of SOC regarding calendar aging, and the impact of the neglect of SOC degradation regarding cycle aging is considered to be small in terms of optimization.



Figure 6 shows the behavior of EFC concerning cycle degradation for multiple values of DOD. The linear approximation was performed when EFC values ranged between 0 and 600. As a result, a 𝛳dod value of 0.042 was obtained for the degradation per 1000 EFC when DOD was equal to 10%. This DOD value was assumed because the purpose of our V2G model was to reduce electricity costs, and the charge/discharge output was as small as 3 kW for a capacity of 40 kWh. Furthermore, as the annual EFC was approximately 100 when charge/discharge control was performed for various driving patterns in a previous study conducted with a driving simulator [3], the targeted range was set to 600 EFC, which is equivalent to six years of battery life. At the operational stage in the EV DR estimation model, in which the daily battery operation on the target day including the prediction error was analyzed, the degradation cost was calculated, using Equations (2),(3),(6),(7), considering that SOC was not neglected during the evaluation of cycle aging. Finally, the effects of all factors were considered. As the duration of the cycle for driving EV is shorter than 1 h, the EFC is expected to increase, resulting in increased degradation. The proposed 1-h model does not consider the impact of the driving cycle, as this study focused on analyzing the impact on the predictability of the degradation caused by additional cycles for V2G for arbitrage. As a result, the cycle degradation calculated by the proposed model was lower than the actual value.



Figure 7 and Figure 8 show the effects of 1 year of degradation capacity calculated from Equations (2), (3), (6) and (7) by assuming a daily charge/discharge.





4. EV DR Evaluation Model Considering Battery Degradation


We have already proposed an EV DR model to evaluate the effects of EV batteries in households with a PV power generation system [3]. That model was improved in this work to account for battery degradation, as shown in Figure 9. The control variables were the power purchased from and sold to the grid, and the charge and discharge operations of the EV battery. This model consisted of three steps, namely forecasting, planning on the previous day, and operation on the target day, and the series of procedures was repeated for 1 year.



In this work, the information in red letters in Figure 9 was added to the process to consider battery degradation. In the planning stage, the degradation cost was added to the objective variable, and the linearized degradation model was added to the constraint conditions. The operation of the battery was optimized to achieve the minimum cost. In the operation stage, the operation of the EV battery was conducted based on the plan in the previous step, actual PV power generation, and actual EV availability, and the degradation cost was calculated from the original model shown in Equations (2), (3), (6) and (7). The following are the optimization methods for the planning stage and the rules for the operational stage.



4.1. EV Battery Optimization Model (Planning Model)


The formulation, including the degradation cost, used in the optimization of the planning stage is shown in Equations (9)–(28), in which the highlighted terms and expressions were added to account for the degradation cost. In the daily optimization model, the number of control variables and expressions are 600 and 443, respectively. The variables starting with “x” are the control variables, and all are continuous real variables, except for    x  c h d u m    ( t )  ,  x  d i s d u m    ( t )   , and    x  s o c d u m    (  i , t  )   , which are binary variables.



Objective functions:


   Min    T o t a  l  c o s t   =   ∑   t = 1   24    (   p  b u y    ( t )   x  b u y    ( t )  −  p  s e l l    ( t )   x  s e l l    ( t )  +  p  c s    ( t )   x  c s    ( t )  +  p  d e g   (  x  c a l    ( t )  +  x  c y c    ( t )   )  )  



(9)







Subject to


   x  s o c    ( 0 )  = B k W h 0  



(10)






   x  s o c    ( t )  −  x  s o c    (  t − 1  )  =  η  c h    x  c h    ( t )  − 1 /  η  d i s    x  d i s    ( t )  +  η  c h    x  c s    ( t )  − f l  ( t )  / E V e f f   t = 2 … 24  



(11)






   x  c h d u m    ( t )  +  x  d i s d u m    ( t )  ≤ 1  



(12)






   x  c h    ( t )  ≤ M ×  x  c h d u m    ( t )   



(13)






   x  d i s    ( t )  ≤ M ×  x  d i s d u m    ( t )   



(14)







    x  c h d u m    ( t )  ,  x  d i s d u m    ( t )  ∈  {  0 , 1  }    


    x  b u y    ( t )  −  x  s e l l    ( t )  −  x  c h    ( t )  +  x  d i s    ( t )  = d e m  ( t )  − p v  ( t )    



(15)






    x  c h    ( t )  = h o m e  ( t )  × B k W   



(16)






    x  d i s    ( t )  = h o m e  ( t )  × B k W   



(17)






    x  d i s    ( t )  ≤ d e m  ( t )    



(18)






    x  s o c    ( t )  ≥ B k W h m i n   



(19)






    x  s o c    ( t )  ≤ B k W h m a x   



(20)






    x  s o c    (  24  )  ≥ B k W h 0   



(21)






     ∑   i = 1   10    x  s o c d u m    (  i , t  )  × b p  ( i )  ≥  x  s o c    ( t )  / B k W h   



(22)






     ∑   i = 1   10    x  s o c d u m    (  i , t  )  × s d e g v a l  ( i )  ≥  x  s o c d e g    ( t )    



(23)






     ∑   i = 1   10    x  s o c d u m    (  i , t  )  = 1   



(24)







    x  s o c d u m    (  i , t  )  ∈  {  0 , 1  }    


    x  d o d    ( 1 )  = (  x  d i s    ( 1 )  /  η  d i s   + F l  ( 1 )  / E V e f f ) / B k W h   



(25)






    x  d o d    ( t )  = (  x  d o d    (  t − 1  )  +  x  d i s    ( t )  /  η  d i s   + F l  ( t )  / E V e f f ) / B k W h   t = 2 … 24   



(26)






    x  c a l    ( t )  =  θ T  ×  x  s o c d e g    ( t )    



(27)






    x  c y c    ( t )  =  θ  d o d   ×  x  d o d    ( t )    



(28)









	𝑡
	time (1–24)



	𝑖
	number of intervals used in the linear approximation (1–10)



	𝑥𝑐𝑎𝑙(𝑡), 𝑥𝑐𝑦𝑐(𝑡)
	calendar degradation rate (%), cycle degradation rate (%)



	𝑥𝑑𝑜𝑑(𝑡)
	DOD (%)



	𝑏𝑝(𝑖)
	interval step used in the linear approximation (0.1–1.0)



	𝑠𝑑𝑒𝑔𝑣𝑎𝑙(𝑖)
	SOC degradation rate at SOC level 𝑖



	𝑥𝑠𝑜𝑐𝑑𝑢(𝑖, 𝑡)
	SOC level dummy variable (0 or 1)



	𝑥𝑠𝑜𝑐𝑑𝑒𝑔(𝑡)
	SOC degradation rate



	𝜃𝑇
	temperature degradation coefficient (= 0.9725e0.0728⊿T)



	𝜃𝑑𝑜𝑑
	DOD degradation coefficient (= 0.042/1000EFS)



	𝑝𝑑𝑒𝑔
	unit cost of capacity degradation (US cents/%).






EVs can be charged or discharged from the power grid when at home, and when outside the home, they can be charged at external charging stations (CSs) when the battery SOC is below the lower limit. In this work, we assumed that the electricity price at the CS was higher than at home, where the charging task was mainly conducted. Constraint Equations (10)–(21) were originally proposed by [3], and Equations (22)–(24) describe the relationship between SOC and the calendar degradation rate. The SOC degradation curve used had an elapsed time of 1090 days (3 years), as previously illustrated in Figure 2, and it was linearly approximated with 10 intervals as “𝑠𝑑𝑒𝑔𝑣𝑎𝑙.” Equations (25) and (26) were used to calculate the DOD. Equation (27) describes the calendar degradation rate based on the temperature and SOC, and Equation (28) describes the cycle degradation rate based on the DOD.




4.2. Operating Model on the Target Day


The daily power used in the charge/discharge task was determined according to the preset rules based on actual PV power generation demand, actual EV status, and the optimization model in Section 4.1, coupled with the planned charge/discharge. The resulting degradation cost was calculated based on the battery condition during the operation stage using Equations (2),(3),(6),(7). As the degradation rate was initially large and nonlinear, the six-year average degradation rate was used to calculate the approximate degradation cost.





5. Simulation


5.1. Simulation Conditions


Table 1 shows the three EV operation scenarios covered in this work. The EV night charging case, in which the EV is charged at midnight when the electricity is relatively inexpensive, was the reference for the comparison between the results of the different scenarios. According to previous simulation results [3] that did not consider the degradation cost, the user-free case, in which the forecast of the EV driving and the PV power generation were not required, was more economical than the user input case.



The simulation cases and the data used in the simulations are shown in Table 2 and Table 3. In the nighttime charging and user-free cases that did not require the forecast and planning process, the reference SOC was assumed to be relatively high (0.8) to avoid the risk of running out of battery charge. To be consistent with that assumption, in the user setting case, the reference SOCs for the charging only control and charging/discharging control were set to 0.8 and 0.5, respectively. We simulated the impact of EV battery utilization for 10 PV-owned all-electric detached houses using three types of driving patterns and using a driving simulator for 8760 h (see Figure 10) [3]. Figure 10 shows the average stay probability and mileage per hour obtained from 100 simulations based on the state transition data of real vehicles with three representative driving patterns.



The assumptions of battery capital cost and residual value have a significant effect on the results. The remaining value after battery degradation depends on whether it can compete with the new storage battery price at that time. Assuming that the battery capital cost is US$15,000 and the lithium-ion battery price reduction rate over six years is 40% based on the Bloomberg NEF forecast [19], the residual value when using up to 80% of capacity in 6 years is calculated as follows:



15,000 × 80% × (1–40%) = 7200 (US $)



Here, the degradation cost due to the 1% capacity degradation of the battery is calculated as follows:



(15,000–7200)/20%/100 = 390 (US $/%)





[image: Energies 13 05771 g011 550] 





Figure 11. Setting of EV available time in the user input case. 






Figure 11. Setting of EV available time in the user input case.
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5.2. Simulation Results


Figure 12 and Figure 13 show the simulation results of each case described in Table 2 using driving pattern 2, in which the driving mileage and the periods at home are classified as average. Figure 12 indicates the annual total cost, which includes the purchase cost from the utility, PV surplus selling cost (negative), and calendar and cycle degradation costs, considering the average of 10 households. Figure 13 indicates the changes in the total cost, with and without degradation cost, compared to that of the nighttime charge (case 1). The results of the battery degradation model combined with the battery price and life assumptions adopted in this study indicated that the ratios of the calendar and cycle degradation costs to the total cost were 29.3% and 4.3%, respectively, for nighttime charging (case 1). Calendar degradation was more dominant. Keeping SOC as low as possible and reducing the charge/discharge cycles may lead to the suppression of battery degradation. This conclusion is supported by previous literature and shows that a lower SOC is dominant for degradation costs, and it is more economical to maintain a lower SOC status until just before the consumer’s use of the vehicle [15,20].



The battery employed in case 2-3, in which a charge/discharge control was used, had a lower SOC than that used in case 2-1, in which a charge only control was employed, resulting in a lower calendar degradation. By contrast, case 2-3 had a higher cycle degradation than that in case 2-1 because of an increase in the number of charge and discharge cycles. For each case, the total cost was slightly reduced when the degradation cost was added to the optimization target. The cost reductions when the degradation cost was considered in the EV DR evaluation model were, respectively, $8.2 and $2.7 for the charge only control and the charge and discharge control, obtained by the difference between the costs of cases 2-1 and 2-2, and 2-3 and 2-4. This change was small because the daily optimization-based model, in which the SOC at the end of the day must be equal to or greater than the initial reference value, had a small SOC variation, as shown in Figure 14. As a result, the optimization results were not significantly different when the degradation was added, leading to a negligible gain in economic efficiency.



The user-free cases (3-1 and 3-2), in which planning and optimization steps were not conducted, became less economical than the respective user input cases (2-1 and 2-3) when the battery degradation cost was considered. They were more economical than the user input cases when the battery degradation cost was not considered [3], and the effect of considering battery degradation led to the opposite result. This conclusion was achieved as cases 3-1 and 3-2 required relatively high SOC to fulfill the safety assumption made in the previous section.



The user input charge control in case 2-1 cost $40 more than that in the base case (case 1). The poorer economic efficiency occurred because of the increase in the calendar degradation cost, which exceeded the reduction of the purchase cost due to charging from PV cells. This increase in calendar degradation cost was attributed to the SOC reference value and operation methods. Even if the reference SOC is the same as 0.8, the EV SOC will be higher in case 2-1 than in case 1 due to the difference in the operation method, as shown in Figure 14. The battery was charged so that the SOC becomes the reference value of 0.8 after 23:00 in case 1, whereas it was charged so that the SOC is over the reference value of 0.8 by 23:00 of the last planning time in the case 2-1. This is because it is assumed that the battery was charged so that the SOC becomes the reference value of 0.8 after 23:00 in the base case, whereas it was charged so that the SOC is over the reference value of 0.8 by 23:00 of the last planning time in the case of the charge control 2-1 as shown in Figure 15. Regarding case 2-3 of the charge/discharge control, a cost reduction of $417 was achieved when compared to the cost of case 1. If the SOC can be kept low, the purchased cost from the utility can be greatly reduced, and the calendar degradation cost can be suppressed even if cycle degradation increases.



Figure 16 shows the total degradation rate for driving pattern 2 by accumulating the degradation costs over six years, assuming the same one-year operating results for each year. By comparing cases 1 and 2-1, the degradation ratio of case 2.1 was 1 percentage point higher than that of case 1 (nighttime charge) because of the higher average SOC. Furthermore, the cycle degradation was higher when compared to that of the base case, as the cycle degradation was dependent on the SOC function, as shown in Equations (6) and (7). If the reference SOC was 0.5, the degradation ratio could be reduced to 7%. Regarding case 2.3, the degradation ratio was significantly larger than that of the base case when the reference SOC was 0.8. By contrast, this value was reduced to 8.6% when the reference SOC was 0.5. The frequent charge and discharge cycles could not be modeled for actual EV driving, as the period in which each model simulation was conducted (hourly) was not small enough. Therefore, the actual cycle degradation is expected to be higher than that shown in Figure 16, as described in Section 3.2.



The results obtained when different driving patterns were used are shown in Figure 17. The cost in the charge control case was increased by US$98 when compared to the base case. Furthermore, the cost due to the charge and discharge control was reduced by US$285 for driving pattern 1, in which the driving mileage was high and the staying periods were short. Regarding driving pattern 3, in which the driving mileage was low and the staying periods were long, the cost in the charge control case was increased by $16 compared to the base case, but the cost in the charge and discharge control case was reduced by US$509. As the availability of batteries at the residence of the user was relatively high, longer staying periods led to a greater cost advantage for the charge and discharge control cases.



Considering case 2-1 with a reference SOC of 0.5, the cost reductions were US$165, 194, and 204 (compared with the base case), respectively, when driving patterns 1, 2, and 3 were used, indicating that a large cost reduction is possible if the SOC is low. Regarding the base case, if the reference SOC was 0.5 at night, the degradation cost was greatly reduced, but the cost of external charging at the charge stations occurred when driving pattern 1 was applied. In the user input case, the charging and discharging plan was developed to minimize external charging even if the reference SOC was low. In this case, the user needs to set the staying time and the number of miles traveled while driving, and the planned and operation stages are necessary when control is employed. However, because the SOC can be kept low, and the charging and discharging tasks are executed at the appropriate time in the user input case, the cost can be significantly reduced.





6. Conclusions


In this study, an EV demand response evaluation model that considers EV battery degradation was proposed. The degradation model of NMC batteries proposed in previous research was incorporated into the optimization and operation model for EV charge and discharge control. Furthermore, the degradation cost was evaluated from the residual value of the battery.



The total cost, including battery degradation, was evaluated considering the charging and discharging control strategy based on the settings inputted by the user. Furthermore, the results were compared with a base case called the night operation case. As a result, the SOC significantly influenced the degradation cost of the daily operation of the battery. If the SOC could be kept low, a significant cost reduction could be expected. Moreover, the user-free cases, in which forecasting or planning steps were not conducted, were more economical than the controlled cases when the degradation cost was not considered, but their cost increased when the degradation costs were added.



In addition, the analysis of each driving pattern showed that the cost was reduced when the mileage was low and the staying time was long. Furthermore, there was no significant difference in the cost evaluation by adding the degradation cost to the EV DR evaluation model, as the SOC at the end of the day could not be lower than the reference value.



In the future, we are planning to combine the proposed model with different battery degradation models and to evaluate the effects of setting each parameter of the residual value of the battery and the electricity tariff structure.
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Nomenclature




	𝐿𝑐𝑎𝑝
	battery degradation capacity



	𝐿𝑐𝑎𝑙
	battery calendar degradation



	𝐿𝑐𝑦𝑐
	battery cycling degradation



	𝑇
	cell temperature (k)



	𝑑𝑎𝑦
	elapsed time (days)



	𝑉
	open-circuit voltage (v)



	𝛳𝑆𝑂𝐶
	calendar degradation coefficient due to soc at the reference temperature



	𝛳𝑇
	calendar degradation coefficient due to temperature



	𝑇𝑟𝑒𝑓
	reference cell temperature (k)



	𝑄
	equivalent full cycles (efc)



	𝐷𝑂𝐷
	depth of discharge



	𝑡
	time (1–24)



	𝑖
	number intervals used in the linear approximation (1–10)



	𝑥𝑏𝑢𝑦 (𝑡)
	electricity purchased at time t of the optimization model (kWh/h)



	𝑥𝑠𝑒𝑙𝑙 (𝑡)
	electricity sold at time t of the optimization model (kWh/h)



	𝑥𝑐𝑠 (𝑡)
	electricity purchased at charge stations at time t of the optimization model (kWh/h)



	𝑥𝑐h (𝑡)
	electricity charged at time t of the optimization model (kWh/h)



	𝑥𝑑𝑖𝑠 (𝑡)
	electricity discharged at time t of the optimization model (kWh/h)



	𝑥𝑠𝑜𝑐 (𝑡)
	battery SOC at time t of the optimization model (kWh)



	𝑥𝑐h𝑑𝑢𝑚 (𝑡)
	dummy variable denoting the charge time in the optimization model



	𝑥𝑑𝑖𝑠𝑑𝑢𝑚 (𝑡)
	dummy variable denoting the discharge time in the optimization model



	𝑥𝑐𝑎𝑙 (𝑡)
	calendar degradation rate (%) at time t in the optimization model (kWh/h)



	𝑥𝑐𝑦𝑐 (𝑡)
	cycle degradation rate (%) at time t of the optimization model (kWh/h)



	𝑥𝑑𝑜𝑑 (𝑡)
	DOD at time t in the optimization model



	𝑏𝑝 (𝑖)
	interval step used in the linear approximation (0.1–1.0)



	𝑠𝑑𝑒𝑔𝑣𝑎𝑙 (𝑖)
	SOC degradation rate at SOC level 𝑖



	𝑥𝑠𝑜𝑐𝑑𝑢𝑚 (𝑖, 𝑡)
	SOC level dummy variable (0 or 1)



	𝑥𝑠𝑜𝑐𝑑𝑒𝑔 (𝑡)
	SOC degradation rate



	𝜃𝑇
	temperature degradation coefficient



	𝜃𝑑𝑜𝑑
	DOD degradation coefficient



	𝑝𝑏𝑢𝑦 (𝑡)
	the purchase price of the electricity price at time t (US cents/kWh)



	𝑝𝑠𝑒𝑙𝑙 (𝑡)
	the selling price of the electricity at time t (US cents/kWh)



	𝑝𝑐𝑠 (𝑡)
	purchase price of the electricity at charge stations at time t (US cents/kWh)



	𝑓𝑙 (𝑡)
	predicted EV fleet at time t (km)



	𝑑𝑒𝑚 (𝑡)
	predicted electricity demand at time t (kWh/h)



	𝑝𝑣 (𝑡)
	predicted PV power generation at time t (kWh/h)



	𝑝𝑑𝑒𝑔
	unit cost of capacity degradation (US cents/%)



	h𝑜𝑚𝑒 (𝑡)
	predicted index on whether EV is staying at home at time t (1: stay, 0: out)



	𝐵𝑘𝑊h𝟢
	initial battery SOC (kWh)



	𝑀
	sufficiently large constant (=10,000)



	𝑏𝑢𝑦 (𝑡)
	final electricity purchased at time t (kWh/h)



	𝑠𝑒𝑙𝑙 (𝑡)
	final electricity sold at time t (kWh/h)



	𝑐𝑠 (𝑡)
	final electricity purchased at charge stations at time t (kWh/h)



	𝑐h (𝑡)
	final electricity charged at time t (kWh/h)



	𝑑𝑖𝑠 (𝑡)
	final electricity discharged at time t (kWh/h)



	𝑠𝑜𝑐 (𝑡)
	final battery SOC at time t (kWh/h)



	𝑓𝑙𝑟𝑒𝑎𝑙 (𝑡)
	real EV fleet at time t (km)



	𝑑𝑒𝑚𝑟𝑒𝑎𝑙 (𝑡)
	real electricity demand at time t (kWh/h)



	𝑝𝑣𝑟𝑒𝑎𝑙 (𝑡)
	real PV power generation at time t (kWh/h)



	𝜂𝑐h
	battery charge efficiency



	𝜂𝑑𝑖𝑠
	battery discharge efficiency



	𝐸𝑉𝑒𝑓𝑓
	EV fleet efficiency (km/kWh)



	𝐵𝑘𝑊
	battery inverter capacity (kW)



	𝐵𝑘𝑊h𝑚𝑎𝑥
	upper limit of battery capacity (kWh)



	𝐵𝑘𝑊h𝑚𝑖𝑛
	lower limit of battery capacity (kWh)
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Figure 1. Framework of this study. 
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Figure 2. State of charge (SOC) degradation coefficient per day versus SOC at 25 °C for calendar degradation. 
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Figure 3. Open-circuit voltage versus the state of charge at 35 °C [6]. 
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Figure 4. Temperature degradation coefficient approximation for calendar degradation. 
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Figure 5. Cycle degradation over SOC at 1000 equivalent full cycles (EFC) and 10% depth of discharge (DOD). 
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Figure 6. Cycle degradation over EFC by DOD. 
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Figure 7. Battery capacity degradation when charging/discharging once a day (cell temperature, 25 °C; DOD, 10%; and SOC, 90%). 
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Figure 8. Battery capacity degradation when charging/discharging once a day (cell temperature, 25 °C; DOD, 10%; and SOC, 50%) 
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Figure 9. Structure of the electric vehicle demand response (EV DR) evaluation model considering battery degradation. 
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Figure 10. Annual average staying time ratio and mileage in the driving pattern data of three EVs. 
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Figure 12. EV battery operation results in driving pattern 2 (10-house average of annual cost). 
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Figure 13. EV battery operation results with driving pattern 2 (10-house average of annual cost change for case 1). 
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Figure 14. EV battery SOC status for cases 2-3 and 2-4 in January, with household using driving pattern 2 for 1 week. 
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Figure 15. EV battery SOC status for the base case, charge control with degradation (reference SOC = 0.8 (32 kWh)), and charge control with degradation (referenced SOC = 0.5 (20 kWh)) cases in January, with household using driving pattern 2 for 1 week. 
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Figure 16. EV battery degradation ratio for 6 years for each case in driving pattern 2. 
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Figure 17. The 10-house average of annual cost change based on the base case of case 1 in driving patterns 1 and 3. 
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Table 1. EV operation case.






Table 1. EV operation case.





	EV Operation

Case
	Operation Method
	Need for Forecast and Planning





	EV night charging

(base case)
	The battery is charged to the reference SOC only at nighttime when the electricity is cheap
	No



	User input case
	The EV available time (the presence or absence at home in 8 periods by 3 hours) and the daily travel distance (upper-limit input in 10 km increments) are set by the user at 23:00 on the previous day, as shown in Figure 11.

The daily battery operation is planned considering that the SOC at 23:00 on the target day is above the reference SOC.
	Yes



	User-free case
	For the charge only control, the battery is charged up to the maximum capacity when PV surplus power is available and charged up to the reference SOC during the nighttime electricity rate period.

For the charge/discharge control, the battery is discharged up to the reference SOC to supply the electricity demand that exceeds the PV generation during the daytime electricity rate period. The charging operation is the same as that for the charge only control.
	No
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Table 2. Case setting.
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Case ID

	
EV Operation

Case

	
Control Method

	
Reference SOC of Battery

	
Optimization with Degradation Cost






	
1

	
EV night charging

(base case)

	
Charge

	
0.8

	
-




	
2-1

	
User input case

	
Charge only

	
0.8

	
Yes




	
2-2

	
Charge only

	
0.8

	
No




	
2-3

	
Charge and discharge

	
0.5

	
Yes




	
2-4

	
Charge and discharge

	
0.5

	
No




	
3-1

	
User-free case

	
Charge only

	
0.8 (Charged during nighttime)

1.0 (Charged with surplus PV)

	
-




	
3-2

	
Charge and discharge

	
0.8 (Charged during nighttime)

1.0 (Charged with surplus PV)

0.5 (Discharged when the EV is at the residence of the user)

	
-
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Table 3. Parameter setting.






Table 3. Parameter setting.





	Parameter
	Value





	Electricity price
	The purchase price at the residence of the user: 18/33 US cents/kWh

(nighttime 23:00–7:00/other time 7:00–23:00)

Selling price: 8 US cents/kWh

The purchase price at CSs: 50 US cents/kWh



	Demand and PV generation profile
	Data measured for 8760 h in 10 all-electric houses

(PV generation 5000–6200 kWh/yr., demand other than hot water supply 6100–8400 kWh/yr.)



	EV
	Battery capacity: 40 kWh

Charge and discharge capacity: 3 kW

SOC lower limit: 20 kWh at V2H periods in the user-free case and 8 kWh in other cases

EV fleet efficiency: 7 km/kWh

Battery charge and discharge efficiency: 90% each
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