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Abstract

:

Due to the increasing use of Electric Vehicles (EVs), the effect of the EV charging power demand on the reliability of the power system infrastructure needs to be addressed. In apartment complexes, which have emerged as a common residential type in metropolitan areas and highly populated districts, high charging demand could result in substantial stress to distribution networks. In this work, the effect of EV charging power demand in an apartment complex on the aging of the Distribution Transformer (DT) is studied. A methodology based on the stochastic characterization of vehicle usage profiles and user charging patterns is developed to obtain realistic EV charging demand profiles. Based on the modeled EV charging profile and the transformer thermal model, the effect of different EV penetration ratios on DT aging for an apartment complex in the Republic of Korea is studied. Results for an EV penetration ratio of up to 30% indicated that DT aging could be accelerated by up to 40%, compared to the case without EV charging. To mitigate this accelerated DT aging caused by EV charging, the effectiveness of two integration approaches of Photovoltaic (PV) sources was studied. Based on a case study that included a realistic PV generation profile, it was demonstrated that a significant contribution to DT reliability could be achieved via the operation of PV sources. A more apparent contribution of PV integration was observed with an energy storage installation at higher EV penetration ratios. At an EV penetration ratio of 30%, a maximum decrease of 41.8% in the loss-of-life probability of the DT was achieved. The effects of different PV integration approaches and power management details on DT aging were also studied. The results demonstrate that the EV charging demand could introduce a significant level of stress to DTs and that this impact can be effectively mitigated by installing PV sources. These observations are expected to contribute toward the effective planning of power system infrastructures that support the design of sustainable cities with the widespread use of EVs.
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1. Introduction


This work evaluates the effect of the Electric Vehicle (EV) charging power demand in an apartment complex on the aging of the Distribution Transformer (DT). The adoption of various technologies has resulted in the development of advanced vehicles [1]. The application of an electrified propulsion system enabled the advent of EVs [2], and the emergence of connected cars and autonomous vehicles is based on the progress of technologies in relevant fields such as the Internet of Things (IoT), intelligent controls, and sensors [3,4]. Owing to such emerging vehicular platforms, it is possible to expect the realization of advanced functions such as high efficiency, self-driving, and intelligent vehicle management. In addition to such improvements in vehicle performance and user convenience, social problems that originate from the operation of automobiles (e.g., traffic congestion, vehicle accidents, and environment pollution) could also be mitigated. Thanks to their unmanned operation capability, the application of vehicles could be further expanded to additional roles such as relief operations during disasters [5]. Based on such promising functions, vehicles are expected to perform a major role in the realization of smart cities and even provide opportunities for new business models [3,6]. Despite such potentials, it is necessary to highlight that concerns and barriers regarding the application of the emerging vehicles also exist. Representative examples of concerns include system safety, information privacy, and cost of technology [3,6,7]. Hence, research on emerging vehicles should not be limited to the vehicular platform itself but also include the policies, regulations, and infrastructures that support their widespread deployment.



With the increased use of conventional internal combustion engine vehicles, global issues such as environmental pollution, fossil fuel dependence and greenhouse gas emission have emerged. While both energy consumption and carbon emissions caused by the transportation sector have shown a continuous increase [8], a 90% increase in greenhouse gas emission, compared to that in 2000, could occur by 2030 [9]. Considering the continuous increase in urban populations [6] and the importance of urban transport for sustainable city development [10,11], various measures from different perspectives have been proposed for an effective contribution toward transportation sustainability. Representative examples of such approaches include the operation of convenient public transportation systems (e.g., bus rapid transit and intelligent light rail), introduction of government regulation policies [10], and usage of EVs. The use of EVs is expected to increase continuously due to the growing interest in sustainable transportation. For instance, it has been predicted that EVs would account for more than 20% of the annual sales in the overall U.S. vehicle market by 2030 [12]. In the case of the Republic of Korea, Jeju Island has established a plan to replace all conventional vehicles with EVs by 2030 as part of its policy to realize a Carbon Free Island (CFI) [13,14]. To maximize the benefits of EVs, it is necessary that users have complete access to EV charging stations without experiencing difficulties in charging. Hence, it is obvious that the EV charging facility would become a critical social infrastructure for sustainable cities.



In this study, a quantitative assessment and proposal of solutions for DT aging issues caused by the EV charging demand are performed. In particular, this research focused on EV charging demand in an apartment complex with a relatively large population density. To accommodate the additional power demand introduced by EV charging, it is necessary to predict and mitigate the impact of EV charging on distribution infrastructures for the reliable operation of EVs and the power system. It is evident that EV operation requires charging and the DT serves as one of the primary interfaces at the power distribution network. Failure or deterioration of such critical infrastructure would cause interruption of service not only to EV users but also to residents of the apartment complex. Considering the non-negligible cost of procuring and replacing a DT [15], DT aging also needs to be addressed from an economic perspective [16]. Compared to previous studies on EV charging prediction and the effect of EV charging demand on transformer aging, the contributions of this work can be summarized as follows:



First, a methodology for predicting the EV charging demand of an apartment complex is developed. Apartments have emerged as a representative housing type in metropolitan areas [17,18] or newly developed residential districts with high population density [19]. Considering that the usage of EVs will increase continuously and a substantial amount of additional load demand will be observed in highly populated apartment buildings, research on prediction approaches and engineering solutions to address the issues caused by EV charging in apartment complexes are needed. While studies on other sites, such as a residential complex that consists of several houses [20], the business district of a metropolitan city [21], public parking of a commercial building [22], or a factory [23] have been performed, such results have limitations for being applied to studies on apartment complexes.



Second, the EV charging demand was modeled using a stochastic framework supported by realistic field data, such as an actual survey and a national database. Compared to deterministic or scenario-based approaches, the use of stochastic models that characterize the pattern of realistic data would provide more practical results. Although the present study considered data of the Republic of Korea, the developed approach could be applied to similar apartment complexes in other regions by simply reflecting their parameter values in the proposed prediction framework.



Third, Photovoltaic (PV) integration approaches that not only contribute to sustainability but also address DT aging issues have been studied, and their effectiveness was verified using a DT aging model. Examples of solutions that have been studied in the past include the optimized design of transformers [24] and application of coordinated charging of EVs [25,26,27]. Considering the expected increase in EVs, the economic effectiveness of performing continuous retrofits of transformers would be rather limited. Although the effectiveness of coordinated charging has been demonstrated [27], the full-scale realization of such approaches would require an extensive amount of resources and efforts [28,29]. For example, sensors, real-time optimization software, and communication infrastructure would be required for data acquisition, computation, and transmission for EV scheduling. Instead, the present research studied the effectiveness of PV source integration approaches at the scale of an apartment complex. In fact, the installation of PV panels in apartment buildings has become an emerging trend for realizing sustainable cities [17,18,30]. The results of this research demonstrated that the PV source, whose best-known advantages is renewable generation, could be applied as an effective approach to mitigate DT aging issues that would occur in sustainable smart cities with highly populated EV operation. Considering the large number of residents, it would be necessary to develop approaches other than coordinated EV charging to effectively address infrastructure aging issues caused by the massive EV charging demand in sustainable apartment buildings. Two approaches for PV integration have been considered in this research, and the main difference between the two is when the generated PV power output contributes to the reduction of DT loading. The approaches could be easily implemented with minimal needs of communication resources, and the verification results showed that the DT Loss of Life (LOL) could be decreased by more than 40% with PV source integration.



The contributions of this research compared to those of previous works were previously discussed. Furthermore, this manuscript is prepared to provide technical answers to the following research questions:




	
What are the major steps required for modeling the EV charging demand of an apartment complex with a large population density?



	
What is the effect of different EV penetration ratios on the overall power demand and transformer aging in an apartment complex?



	
How effective are PV integration approaches to address transformer aging issues in a sustainable apartment complex?








The remainder of this paper is organized as follows. Section 2 reviews previous works related to the effect of EV charging demand on power system operation and infrastructure aging. In Section 3, the details of the proposed EV charging power demand prediction model are introduced. Section 4 discusses in detail the transformer aging model, and Section 5 introduces two approaches for PV source integration that could be considered for mitigating transformer aging. In Section 6, results of the effect of EV charging demand on transformer aging and the effectiveness of the proposed solutions for addressing DT aging issues are presented. The last section concludes the manuscript.




2. Review of Previous Works


With the rapid increase in EVs and charging stations, the impact of EV charging demand should not be overlooked [21,31]. While the increased use of EVs would contribute to sustainability, it has been reported that EV charging could introduce challenges, such as power quality degradation and increased power losses. It was shown that the nonlinearity of various power conversion stages in EV charging stations could cause harmonic distortion and introduce additional losses [32]. To mitigate such issues, the application of power filters and active power conversion interfaces were considered [32]. The effect of EV charging demand on the voltage profile of distribution networks has also been studied [33]. While it was shown that the hosting capacity of EVs could be determined by the voltage drop level, controlled charging of EVs was proposed as a solution [33]. To minimize the impact of EV charging on distribution networks, control approaches that perform optimized EV charging have also been explored [34,35,36].



As power demand for EV charging would increase the overall stress level of the power system infrastructure, the effect of EV charging demand on infrastructure aging has also been studied. Based on detailed data analysis of two U.S. cities with different climate conditions, it was demonstrated that uncontrolled EV charging introduces accelerated aging of transformers, and the aging rate highly depends on the charging power level [15]. A noticeable impact of EV charging on transformer stress has also been reported based on a case study in Southern California [37]. The effects of different charging patterns on the aging of a 25-kVA transformer that serviced 10 houses were also studied [38]. It was shown that the aging process was considerably influenced by various factors, such as whether all EVs start charging at the same instant or when the battery charging of EVs has been resumed. Using a probabilistic simulation, the aging trend of a 160-kVA transformer in a typical French distribution power network was studied with various EV penetration ratios [39]. It was concluded that the aging rate increases in a quadratic manner with the number of EVs. Based on the prediction results of EV charging demand using stochastic modeling, it was shown that transformer aging is also affected by the drive range, transformer ratings, and seasonal characteristics [40]. The problem of transformer aging caused by EV charging has been investigated not only for residential areas but also for industrial plants [23] and commercial districts [22].



To mitigate the accelerated transformer aging caused by EV charging demand, approaches such as optimized transformer sizing and scheduling of EV charging have been proposed. Instead of simply increasing the transformer rating, an optimization study on transformer design was conducted with the objective to minimize both power loss and transformer aging [24]. Considering that the aging rate of a transformer highly depends on loading, scheduling strategies for EV charging have also been developed. While shifting the EV charging load to off-peak periods could be considered, research results based on field data have shown that such a simple scheduling strategy would not be sufficient. For areas where the base load demand is relatively constant at a high level [41], for instance, the challenges caused by EV charging could not be handled by simply shifting the charging period. An approach that performs EV scheduling based on a preset limit of the power demand has also been proposed [25]. In such an approach, part of the EV charging demand is shifted to later periods depending on whether the power demand exceeds the predefined threshold value. A charging control strategy that performs optimization between transformer aging and customer satisfaction was also studied [42]. As economic loss caused by damages of a DT could be significant [43], the approach of installing Home Energy Management Systems (HEMS) would also be effective. The effectiveness of using price incentives for managing transformer aging issues has been studied. It was found that the application of HEMS could enable EV charging with minimized user cost; however, this increased thermal stress [26]. The effective use of Vehicle-to-Grid (V2G) function for alleviating the stress levels of transformers has also been studied [26,44].




3. EV Charging Power Demand Model


3.1. Methodology


To study the effect of EV charging power demand, the power demand profile for an apartment complex is obtained by modeling the specific factors that determine the EV charging demand. In particular, it is necessary to determine the amount of power required and the variations in the demand during a 24 h period. In this research, the approach depicted in Figure 1 was considered. As shown in Figure 1, data that characterizes the vehicle usage, user charging pattern, and specifications related to EV charging are used. Considering that the vehicle usage profile is highly related to the vehicle usage pattern of residents, the stochastic behavior of daily drive distance, arrival time, and departure time was characterized by well-known distribution functions. To achieve realistic results, the specific parameter values of each distribution function were determined using observed field data or previous studies. The user charging pattern was characterized by two different probabilities, which are dependent on the vehicle status. The details of this modeling approach are as follows.




3.2. Vehicle Usage Profile


As the required power demand for EV charging is closely related to the EV battery State-of-Charge (SOC), the charging demand could be predicted using the battery SOC profile. It is expected that more charging energy would be required for EVs that arrive with lower SOC. In this study, the remaining SOC before charging (i.e., the SOC level of an EV that just returned to the apartment complex) of an EV is modeled as:


  S O  C  B C   = 100 *  (  1 − α ·  d   d  m a x      )  %    



(1)




where    d  m a x     is the maximum drive distance of the EV, d is the daily drive distance, and  α  is the number of days since the last charging event [40]. While most previous studies considered SOC models that use only the information of the daily drive distance (d) and the maximum drive distance (   d R   ) [25,45],  α  was included to model the possibility that the EVs in the apartment complex could be not charged after every return. As shown in Equation (1), the daily drive distance is a critical factor that affects the EV charging demand. According to statistical data of the Korea Transportation Safety Authority (TS) [46], the average drive distance in South Korea is 35.8 km. In this study, the daily drive distance was modeled to have a lognormal distribution with the following Probability Density Function (PDF) [47]:


   f d   (  d ; μ , σ  )  =  1  d ·  σ d    2 π     exp  (  −      (  ln d −  μ d   )   2    2  σ d    2     )     



(2)




where d is the daily drive distance (d > 0),    μ d    is the average daily drive distance, and    σ d    is the standard deviation of the daily drive distance. Figure 2a shows the PDF of the daily drive distance with parameter values of    μ d  = 3.2   and    σ d  = 0.87  .



In addition to the power demand level, a characterization of how the power demand varies during a 24 h period is also necessary. In this study, the profile of the vehicle arrival time to the apartment complex was modeled using data of an actual survey performed at an apartment complex located in Gyeonggi-Do Province, South Korea [48]. The vehicle arrival time and vehicle departure time were modeled to have, respectively, a normal distribution with the following PDF:


   f  A T    ( t )  =  {       1   σ  A T     2 π     exp  [  −      (  t −  μ  A T   + 24  )   2    2  σ  A T     2     ]  ,   0 ≤ t <  (   μ  A T   − 12  )         1   σ  A T     2 π     exp  [  −      (  t −  μ  A T    )   2    2  σ  A T     2     ]  ,    (   μ  A T   − 12  )  ≤ t < 24          



(3)






   f  D T    ( t )  =  {       1   σ  D T     2 π     exp  [  −      (  t −  μ  D T    )   2    2  σ  D T     2     ]  ,   0 ≤ t <  (   μ  D T   + 12  )         1   σ  D T     2 π     exp  [  −      (  t −  μ  D T   − 24  )   2    2  σ  D T     2     ]  ,    (   μ  D T   + 12  )  ≤ t < 24          



(4)




where    f  A T     is the PDF of vehicle arrival time, fDT is the PDF of vehicle departure time,    μ  A T     and    σ  A T     are the average value and standard deviation of the vehicle arrival time, and    μ  D T     and    σ  D T     are the average value and standard deviation of the vehicle departure time, respectively. The PDF of the vehicle arrival time with parameter values that closely match the data of an actual survey [48] (i.e.,    μ  A T   = 17  ,    σ  A T   = 3.4  ,    μ  D T   = 7  , and    σ  A T   = 2.1  ) is shown in Figure 2b. It can be observed that the number of arriving vehicles shows a sharp increase starting at 3 p.m. and reaches its maximum at 7 p.m. Between 11 p.m. and 7 a.m., there appears to be a limited number of vehicles that arrive. This arrival trend could be explained by the fact that most of the vehicle traffic in a typical apartment complex would closely correspond to the commuting traffic pattern of residents.




3.3. User Charging Pattern


To achieve realistic prediction results, the charging behavior of EV users should also be considered. Depending on the available battery SOC or urgency, for example, it is possible that the user would not perform charging after a trip or perform fast charging instead of slow charging. In this research, the effect of such differences caused by the user charging habit was included in the EV charging demand model by defining two different probabilities. In particular, the probability that an arrived EV is charged and the probability that fast charging is performed are considered as follows.



The effect of an EV user not performing EV charging after arrival was represented by the probability that an EV is charged, pCH. In this research, pCH was modeled to be dependent on the remaining SOC before charging, SOCBC, as follows:


   p  C H   =  {        1   S O  C  B C   ≤ S O  C  l i m i t         1 − A ·  (  S O  C  B C   − S O  C  l i m i t    )    S O  C  B C   > S O  C  l i m i t            



(5)




where SOClimit is the minimum threshold SOC value at which the driver would perform charging and A is a coefficient. As an example, values of pCH with different SOC values are shown in Figure A1 of the Appendix A when the parameter values SOClimit = 0.2 and A = 1.25 are considered. It was assumed that the driver would always charge the EV whenever the available SOC value is lower than the SOClimit value. Such constraint on the minimum SOC value was considered as it would be more likely that a typical driver would perform charging when the SOC level is relatively low. In addition, most batteries have a minimum SOC threshold value that should be met to prevent performance degradation caused by excessive discharge [22]. Meanwhile, pCH was modeled to show a continuous decrease as the available SOC level increases. This model characteristic was considered because it is more probable for an EV owner to perform EV charging when less energy is available in the EV battery. Although such a model was considered to characterize the charging behavior of a typical EV user in a simple and straightforward manner, different parameter values or alternative models could also be used.



The remaining SOC level and the available time period for EV charging were assumed to be factors that determine the probability that fast charging is performed,    p F   , as follows:


   p F  =  p T  ×  p  S O C      



(6)




where    p T    and    p  S O C     are defined as:


   p T  =  {        1   ∆ T ≤ ∆  T  m i n           1 − B ·  (  ∆ T − 0.5  )    ∆  T  m i n   < ∆ T ≤ ∆  T  m a x           0   ∆  T  m a x   < ∆ T          



(7)






   p  S O C   =  {        1   S O  C  B C   ≤ S O  C F        1 − C ·  (  S O  C  B C   − S O  C F   )    S O  C  B C   > S O  C F           



(8)




where   ∆ T   is the available period for EV charging and   ∆  T  m i n    ,   ∆  T  m a x    , and   S O  C F    are the threshold values. Figure 3 shows how pF changes for different values of   ∆ T   and   S O  C  B C     with parameter values selected as   ∆  T  m i n      = 0.5 [h],   ∆  T  m a x      = 3.5 [h], SOCF = 0.2, B = 0.33, and C = 1.25.



It can be seen that    p F    has the highest value when only limited time is available for charging and the remaining SOC before charging is relatively low. That is, fast charging is less likely to occur when the remaining SOC before charging is high and there is sufficient time for charging. As shown in Figure 3, different    p F    values are defined even for the same   S O  C  B C     value depending on the available period for charging. While both probabilities that characterize the charging patterns of users,    p  C H     and    p F   , could be defined to have different values, such change could be easily adopted in the power demand prediction approach by simply changing the parameter values.



Based on the previously discussed models that characterize the vehicle usage profile and the user charging pattern, the profile of the charging demand for EVs in the apartment complex could be obtained. The overall power demand for EV charging can be computed as


   P  E V    ( t )  =   ∑   i = 1  N   P i   ( t )     



(9)




where N is the total number of EVs of the considered apartment complex and Pi(t) is the charging power of the ith EV.





4. Transformer Aging Model


The transformer aging process is affected by various factors, such as electrical loading, temperature, and humidity. While several approaches have been proposed for characterizing DT aging such as Degree of Polymerization (DP) [49,50] and Dissolved Gas Analysis (DGA) [51], this research applied the aging model of the IEEE Standard C57.91 [52]. Considering the effect of temperature to insulation life, the Hottest Spot Temperature (HST) profile is used to obtain the percent LOL based on the aging model of [52] as follows.



Based on the HST information, the aging acceleration factor, FAA, that characterizes the level of DT aging is calculated as


   F  A A   = exp  (    15000   383   −   15000    θ H  + 273    )     



(10)




where    θ H    is the HST. The HST can be expressed as a sum of three terms [52]:


   θ H  =  θ  a m b   + ∆  θ T  + ∆  θ H     



(11)




where    θ  a m b     is the ambient temperature (with the transformer being off),   ∆  θ T    is the temperature rise of top-oil, and   ∆  θ H    is the rise of the hot spot temperature over top-oil. The dynamics of terms that characterize the temperature rise (i.e.,   ∆  θ T    and   ∆  θ H   ) are written as


  ∆  θ T  =  (  ∆  θ  T , U   − ∆  θ  T , i    )   (  1 −  e    − ∆ t    τ T       )  + ∆  θ  T , i      



(12)






  ∆  θ H  =  (  ∆  θ  H , U   − ∆  θ  H , i    )   (  1 −  e    − ∆ t    τ W       )  + ∆  θ  H , i      



(13)




where   ∆  θ  T , U     is the ultimate top-oil rise over ambient temperature,   ∆  θ  T , i     is the initial top-oil rise over ambient temperature,    τ T    is the oil time constant,   ∆  θ  H , U     is the ultimate winding hottest-spot rise over top-oil temperature,     ∆  θ  H , i     is the initial winding hottest-spot rise over top-oil temperature,    τ W    is the winding time constant at the hot spot location, and   ∆ t   is the time period of load. The ultimate top-oil rise,   ∆  θ  T , U    , and the ultimate winding hottest-spot rise,   ∆  θ  H , U    , are expressed as


  ∆  θ  T , U   = ∆  θ  T , R      (     k t 2  R + 1   R + 1    )   n     



(14)






  ∆  θ  H , U   = ∆  θ  H , R    k t  2 m      



(15)




where   ∆  θ  T , R     is the top-oil rise over ambient temperature at the rated load, n is an exponent,   ∆  θ  H , R     is the winding hottest-spot rise over top-oil temperature at the rated load, m is an exponent, R is the ratio of load loss at the rated condition to no-load loss, and kt is the ratio of ultimate load to rated load.



As the HST profile depends on the instantaneous load level during the overall operation period, the equivalent aging factor,    F  E Q A    , for the overall operation period is defined as


   F  E Q A   =    ∑  n = 1  N   F  A A n   × ∆  t n     ∑  n = 1  N  ∆  t n       



(16)




where    F  A A n     is the aging acceleration factor for the temperature that exists during time interval   ∆  t n   , and N is the total number of time periods. The transformer LOL is calculated as


  %   L O L =    F  E Q A   × t × 100    L n       



(17)




where t is the overall time period and Ln is the normal insulation life. The typical value of Ln is considered to be 180,000 h [52].




5. PV Integration for Mitigation of Transformer Aging


5.1. Characteristics of DT Aging


Considering that DT aging is affected by the operational stress profile, the DT loading level would have a strong impact on aging. In particular, the effect of additional power demand introduced by EV charging on DT aging could be discussed based on an illustrative example as follows.



In Figure 4, the effect of different loading levels to both HST and LOL for a sample DT is illustrated. The specific parameter values of the DT were selected based on data from previous studies on DT [53,54] such as n = 0.9, m = 0.8,   ∆  θ  T , R   = 38.3   ℃  ,   ∆  θ  H , R   = 23.5   ℃  ,    τ T  = 90    min   ,    τ W  = 7   min ,   R = 5,    θ t  a m b   = 25   ℃  ,   ∆  θ t T  = 25   ℃  ,   ∆  θ t H  = 20   ℃  , and   ∆  t n  = 1   min. For the same DT, three different electrical loading conditions (i.e., points A, B, and C of Figure 4) were considered. By comparing HST and LOL for the considered conditions, it is obvious that the DT experiences faster aging at higher electrical loading. In the case of an apartment complex with significant EV penetration, both the base load (i.e., load demand without EV charging demand) and the additional demand for EV charging would introduce a noticeable aging effect to the DT. As the DT serves as the main electrical interface between the power grid and the apartment complex, it is obvious that the DT would experience higher operational stress with massive EV charging. Considering that the level of loading for the DT is determined by the electrical load demand, installation of additional energy sources (e.g., PV panels installed at the building roof or energy storage installed at the apartment complex) would contribute to the reduction in electrical stress. This effect can be achieved because the local demand of both the base load and the EV charging demand could also be handled by the output of additional power sources instead of only the DT. In addition, it is necessary to highlight that a nonlinear relationship between the DT LOL and the DT loading exists, as shown in Figure 4. While the same 20% increment in DT loading is introduced during the transitions from Point C to Point B (C→B) and from Point B to Point A (B→A), a significant difference in the LOL value change between the two transitions could be observed. That is, the contribution of a reduced loading level to DT reliability seems to be more apparent when the DT is heavily loaded. Such a difference in the effectiveness of loading adjustment to DT reliability could be explained by the exponential relationship between the aging acceleration factor and the HST.




5.2. Approaches for PV Integration


To mitigate the DT aging caused by EV charging demand in an apartment complex, this research considers the installation of PV sources in the apartment complex. In fact, the integration of PV sources has been recently considered for sustainable residential buildings in highly populated districts [17,30] or net zero energy buildings [55]. In particular, this study considers two approaches of PV integration for apartment complexes as shown in Figure 5. While both approaches use PV sources to achieve decreased DT loading, the main difference is whether the power support from PV sources is performed instantaneously or with an intentional delay through power management. The details of each approach are explained as follows.



The operation principle of the Passive PV Integration (PPI) approach is shown in Figure 5a. In this approach, the power generated from PV sources is directly used to reduce the instantaneous DT loading level. In such cases, the electrical power handled by the DT could be expressed as


   P  D T   =  P  b a s e   +  P  E V   −  P  P V   =  P  l o a d   −  P  P V      



(18)




where Pbase is the base electrical load, PEV is the power demand required for EV charging, PPV is the PV source output power and Pload is the overall load demand power. Owing to the PV integration, the level of DT loading could be decreased from Pload to Pload -PPV (i.e., the difference between the load power and the PV output power). Such a reduced loading level would contribute to lowering the DT aging acceleration factor, FAA, as a result of HST decrease. It is worth noting that when the condition of PPV > Pload (i.e., the PV output is larger than the demand load power) occurs, it could be necessary to perform curtailment of PV output to prevent potential overvoltage issues [56,57].



An alternative approach for PV integration could be considered as follows. With the Active PV Integration (API) approach, the power generated from the PV sources is first used to charge the Energy Storage System (ESS) instead of being immediately used as illustrated in Figure 5b. Once predefined conditions are satisfied, the ESS operates in discharging mode so that the DT loading is reduced by the support from the discharged ESS power. While the ESS discharging conditions could be defined depending on various factors, this research considered an approach where the ESS starts to discharge at a fixed instant. In such cases, the power handled by the DT with the API approach could be written as


   P  D T   =  {           P  b a s e   +  P  E V   =  P  l o a d     E S S   i n   c h a r g i n g   m o d e        P  b a s e   +  P  E V   −  P  E S S   =  P  l o a d   −  P  E S S     E S S   i n   d i s c h a r g i n g   m o d e          



(19)




where PESS is the ESS output power when the ESS operates in discharging mode. In this case, the level of DT loading would decrease from the overall load level (Pload) to the value of Pload-PESS. Similar to the PPI approach, as the loading decreases, DT aging can be decelerated. In addition, a relationship linked to the effectiveness for achieving reduced DT loading with the considered API approach could be written as


   ∫   t  d s      t  d e      P  E S S   d t   ≤    Q o  ·  C o  +  ∫   t  c s      t  c e      P  P V   d t    



(20)




where tds is the start time of ESS discharging, tde is the end time of ESS discharging, QO is the initial SOC, CO is the battery capacity in kWh, tcs is the start time of ESS charging, and tce is the end time of ESS charging. That is, it is possible to expect effective support by the ESS for DT loading reduction provided the ESS could discharge. Assuming that the battery is discharged at a constant power level and that the ESS is charged while the PV output is available, the effectiveness of the API approach would be determined by the start time of ESS discharge (tds) and the solar irradiation profile. Although the installation and management of the ESS are required, the API approach was considered in this research based on the observation from Figure 4 that the DT would experience accelerated aging when the DT loading is high. As the residential load power typically reaches its peak value when only limited solar irradiation is available, a more effective use of PV power could be realized using the API approach.





6. Verification Results


6.1. System Configuration and Methodology


To study the effect of EV charging demand on DT aging, an apartment complex with 1000 households was considered as shown in Figure A2 of the Appendix A. The apartment complex consists of 15 apartments, thus representing a typical collective housing complex in South Korea. The local map of the considered apartment complex, the Samsung Raemian Pore Apartment Complex in Jagok-Dong, is shown in Figure 6 and it was assumed that an area of 10,300 m2 is available for PV panel installation. Regarding the simulation of EV charging, data of Hyundai IONIQ with a 28-kWh battery was used. In this study, three different EV penetration ratios (i.e., 10%, 20%, and 30%) were assumed, considering that various countries have established national policies to increase the market share of EVs to 30% by 2030 [58]. Considering the specification of EV charging stations in the Republic of Korea, charging powers of 7.7 kW and 50 kW were assumed for slow charging and fast charging, respectively. As ESS installation is required for the API approach, it was assumed that a Battery Energy Storage System (BESS) with a capacity of 2 MWh is installed.



While MATLAB was used for performing the simulation, the effects of EV charging demand, and different PV integration approaches on DT aging were studied as follows. As DT aging is determined by the thermal stress, the DT loading profile was obtained based on profiles of the base load demand, EV charging demand, and PV output. The EV charging demand profile for the considered penetration ratios was obtained using the approach of Section 3. The effects of different EV penetration ratios and PV integration approaches on DT aging were studied by comparing the DT LOL based on the transformer aging model of Section 4.



The PV output profile considered in this research is shown in Figure 7. The profile of Figure 7 is based on the monitored data of a PV generation source on 27 August, 2017, retrieved from a public data portal of the Republic of Korea [59]. The base load profile is also shown in Figure 7. The load profile was obtained from publicly available realistic data (i.e., the average load demand of an actual apartment complex [48] and the load pattern of statistical data for residential loads [60]). In Figure 7, it can be observed that the PV output power reaches its maximum value, 310 kW, at 1 p.m. The load demand reaches its maximum and minimum levels at approximately 9 p.m. and 3 a.m., respectively, as shown in Figure 7. While the PV output power is affected by solar irradiation, the load demand would be closely related to the daily activity of residents. It is worth noting that only a limited level of PV power is available for the period when the load demand reaches its maximum. In addition, the maximum PV output power is only 35% of the maximum load power demand. It is noteworthy that such an analysis of the PV output profile is based on monitored data for the considered date in the Republic of Korea. Although the PV output characteristics could differ depending on various factors, such as seasonal variations [61], cloud movement [62], ambient conditions [63], and PV cell characteristics [64], the effects of such specific factors were not further considered. In the case of research for other areas, it might be necessary to consider in detail the effect of these factors, depending on the availability of PV output power data.




6.2. Impact of EV Charging Demand


The effect of different EV penetration ratios on the overall power demand of the apartment complex is shown in Figure A3 of the Appendix A. To visualize the effect of EV charging demand, the base load profile is also shown in Figure A3. The specific parameter values considered for simulating the EV charging profile were selected as    μ d  = 3.2   and    σ d  = 0.87  ,    μ  A T   = 17  ,    σ  A T   = 2.1  ,    μ  D T   = 7  ,    σ  D T   = 3.4  , SOClimit = 0.2, A = 1.25,   ∆  T  m i n      = 0.5 [h],   ∆  T  m a x     = 3.5 [h], SOCF = 0.2, B = 0.33, and C = 1.25.



From Figure A3, a noticeable increase in the load demand with EV charging compared to the base load case has occurred during the period of 2–11 p.m. In the case of the maximum power demand level, the load demand of the 30% EV penetration ratio case is 39.7% larger than that of the base load case. While the daily average load demand of the 30% EV penetration ratio case is 33.5% larger than the base load case, the impact of EV charging on the overall load demand is rather limited during the period of 0–8 a.m. The minimal difference during this period could be explained by the negligible demand for EV charging. The fact that most of the EVs would return to the apartment complex and resume EV charging between 5 p.m. and 10 p.m., as shown in the realistic vehicle arrival data presented in Figure 2b, could also explain the different level of impacts during a 24 h period.



Based on the predicted power demand profile, the corresponding HST profile for the DT was obtained, as shown in Figure A4 of the Appendix A. Similar to the power demand pattern, the maximum HST of the 30% EV penetration ratio case is more than 10° higher than that of the base load case. As the effect of EV charging to the power demand was negligible during the period of 0–8 a.m., the HST profile for all cases seem to be nearly identical during this period. The LOL profile with different EV penetration ratios was computed as shown in Figure 8. As can be observed in Figure 8, EV charging introduced a noticeable effect on DT aging. With only a 10% EV penetration ratio, the LOL increased to a level that is 1.6 times larger than that of the base load case. Furthermore, the LOL increased to a value that is nearly 2.4 times larger than the base load case for the 30% EV penetration case. Because of the exponential relationship between the HST and the LOL, a rather limited level of EV utilization caused a noticeable effect on DT aging. Such impacts caused by EV charging should be highlighted for infrastructure management and power system operation in residential districts that consist of apartment buildings with considerable EV utilization.



For comparison purposes, profiles of both the PV output and the overall load demand are also shown in Figure A3 of the Appendix A. Although the load demand cannot be completely covered only by the PV output, the PV output power could be used to reduce the burden of the DT for handling the power flow from the grid to the apartment complex. In addition, a time difference exists between the instants when the PV output is maximum and when the load demand is maximum. For example, the PV output is maximum at 1 p.m. and the base load level reaches its maximum value at 9 p.m. Even when EV charging demand is included, it is evident that the time difference between the two maximum instants still exists. When the PPI approach is considered for DT aging mitigation, the operational stress level of the DT is directly affected by the instantaneous power difference between PV output and load demand. In the case of the API approach, the installation of energy storage was considered based on the observation that such a time difference between the PV output maximum instant and the load maximum instant exists under realistic conditions. The energy storage enables the effective use of solar energy by discharging the stored energy when the load demand is actually high. Compared to the PPI approach, such flexibility in power management contributes to further mitigation of DT aging when the API approach is applied.




6.3. Effectiveness of PV Integration


The effect of different PV integration approaches to DT loading is shown in Figure 9. For Figure 9, the profile of Figure 7 was assumed for PV output power and a 20% EV penetration ratio was considered. As DT loading is determined by the load demand and the instantaneous PV output with the PPI approach, a decrease in the DT loading level compared to the original DT loading level was observed as long as the PV output exists. Such a decrease in loading would contribute to increased DT reliability by reducing the aging rate. The DT loading with the API approach being applied to an identical system is also shown. For the API approach of Figure 9, it was assumed that the BESS started its discharge at 4 p.m. As shown in Figure 9, the main difference between the PPI approach and the API approach is the period when the decrease in DT loading occurs. While the PPI approach contributes to DT stress alleviation according to the solar irradiation profile, the API approach enabled a shift in stress reduction to later periods.



As the DT loading would vary depending on when the BESS discharge is initiated, three different discharge start times (i.e., 3 p.m., 4 p.m., and 5 p.m.) were considered, as shown in Figure 10. As the amount of power that should be handled by the DT is reduced during the BESS discharge, a decrease in the DT loading is observed when the BESS starts to discharge. As shown in Figure 9 and Figure 10, the reduction in the DT loading level occurred at different time periods depending on the PV integration approach. A decrease in DT loading was achieved from 5 a.m. to 7 p.m. using the PPI approach, and the API approach was able to decrease DT loading when the load demand was relatively high (i.e., 5 p.m. to 11 p.m.). Although the PPI approach could be implemented in a simpler manner than the API approach, it fails to lower the DT loading when the load demand reaches its peak. Such a limitation could be explained by the time difference between the instants when the maximum PV output is generated and when the load demand reached its maximum.



The DT LOL in the considered apartment complex with different PV integration approaches is shown in Figure 11. It was assumed that the EV penetration ratio was 20%. As shown in Figure 11, the DT LOL without any PV integration showed a rapid increase starting at 5 p.m., where both the base load and the EV charging demand increased. As illustrated in Figure 11, it can be seen that the integration of PV sources contributes to increased DT reliability in both the PPI and API approaches. For the considered 24 h period, the LOL with the API approach was the lowest among the considered scenarios. While the PPI approach realized a 17% decrease in LOL, a decrease between 33% and 38% was achieved with the API approach compared to the case without any PV integration. While the LOL with the PPI approach was lower than the LOL with the API approach until 8 p.m., the effectiveness of the API approach for realizing decreased DT aging was confirmed after 8 p.m. Thus, it can be seen that the effectiveness of PV integration to DT reliability is highly affected by the PV operation strategy.



Depending on the PV operation approach, different levels of improvement in DT LOL were achieved due to the nonlinear relationship between DT loading and DT LOL. As shown in Figure 4, the effect of reduced DT stress on increased lifetime becomes noticeable at higher DT loading levels. With the PPI approach, the power assist provided by the PV output would reach its maximum when the PV output is the highest, instead of when the load demand is at its peak. As shown in Figure A3, however, the power demand of an apartment complex reaches its maximum between 7 p.m. and 9 p.m. For the PPI approach, it appears that the PV power is used to reduce DT loading when the DT does not operate at its maximum loading. It is worth noting that the effectiveness of reducing the DT loading for achieving lower DT LOL is limited when the DT loading is low. On the contrary, the API approach realizes the effective use of PV output power by shifting the period of PV power assistance through the use of BESS. Instead of simply supporting the DT when the DT loading is relatively low, the BESS enabled effective use of the same PV power by discharging the stored PV generated energy when the DT loading reaches a noticeable level. As a result, the same PV power could be used in a more effective manner from the perspective of DT aging.



The effectiveness of different PV integration approaches to DT reliability are presented in Table 1 and Table 2. Table 1 shows how the DT LOL for a 24 h period is affected by different PV operation strategies with various EV penetration ratios. In Table 2, the decrease rate of LOL values compared to the case without PV integration is presented. For both the PPI and the API approaches, it can be observed that a lower LOL could be achieved by integrating PV sources. For instance, for an EV penetration ratio of 30%, decrease rates of 18.4% and 41.8% were achieved in the LOL as a result of applying the PPI and the API (when BESS discharge was started at 5 p.m.) approaches, respectively, compared to the approach without PV source integration. Additionally, both PPI and API approaches exhibited higher effectiveness in achieving reduced DT aging as the EV penetration ratio increased, as presented in Table 2. Although the amount of contribution differs depending on the details of the PV integration approach, a noticeable increase in the decrease rate could be observed as the EV penetration ratio increased from 10% to 30%. This could be explained as follows: Higher EV penetration ratio results in increased power demand, and the DT LOL increases exponentially with the DT loading level. A more apparent contribution of power support by the PV sources to DT stress reduction would be achieved at heavier load conditions. In this study, such a heavy load condition was introduced by larger EV charging demand and higher EV penetration ratio.





7. Conclusions


Due to the increasing use of EVs, concerns relevant to the impact of EV charging power demand on the power grid should be addressed appropriately. Considering that the aging of power infrastructure is considerably affected by operational stress, the effect of EV charging on DT aging in an apartment complex was studied. An EV charging power demand model for an apartment complex was presented. The EV charging demand was predicted based on stochastic models of specific factors that characterize the vehicle usage and driver charging patterns. In addition, two PV integration approaches that contribute to DT reliability were studied. The effect of different EV penetration ratios and PV integration approaches to DT aging were studied using the developed EV charging demand model and the IEEE C57.91 aging model.



The maximum power demand of the considered apartment complex increased by 15%, 30%, and 40% compared to the base load case for EV penetration ratios of 10%, 20%, and 30%. As a result of this increased load demand, there was a 40% increase in the DT LOL for the EV penetration ratio of 30%, compared to the case without EV charging. These results demonstrate that a continuous increase in EV charging demand could result in accelerated DT aging. With the power support provided by the PV source, a decrease in the LOL was achieved regardless of the PV integration approach. With the PPI approach, a decrease of approximately 20% in the LOL was observed as the EV penetration ratio increased to 30% This decrease can be attributed to the reduced DT loading facilitated via the power assist of PV sources. It was shown that a more effective use of PV power could be realized by the API approach, which requires the installation of energy storage. Instead of being directly affected by the instantaneous irradiation level, the API approach realized a larger decrease in the DT LOL compared to the PPI approach, by discharging stored energy when the load demand reached its peak level. Although the level of effectiveness differs depending on specific parameter values, the verification results showed that DT aging could be reduced by 41.8% using the API approach. It is also necessary to highlight that the effectiveness of PV integration for achieving reduced transformer aging becomes more apparent at higher EV penetration ratios.



The results of this study demonstrate the significant effect of EV charging demand on both the overall power demand and transformer aging. Although the operation of EVs would contribute to transportation sustainability, necessary actions should be carried out to ensure that the infrastructures could accommodate the increased charging power demand. In addition, the integration of PV sources in an apartment complex not only contributes to sustainability but could also play an essential role in the economic operation of power system infrastructures in highly populated residential buildings with noticeable EV charging. Considering the increasing interest in sustainable and smart city development, it is recommended to consider the effect of both EV charging demand and intelligent PV integration approaches during the planning stage of power networks, construction of apartment complexes, and formulation of government policies.



In the future, research on mitigation of the effects of higher EV penetration ratios will be performed. For cases with a larger EV penetration, the issues caused by EV charging could require an integrated approach involving various technologies such as EV scheduling, V2G, effective price incentive mechanisms, and multiobjective optimization. Further research on the effect of different factors that affect the output of PV sources, such as the solar cell type, seasonal effect, and power conversion efficiency, would also need to be included for a detailed analysis. Based on the analysis results, further work on optimized system designs (e.g., sizing of the PV sources and energy storage) would also be performed.
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Abbreviations




	EV
	Electric Vehicle



	DT
	Distribution Transformer



	PV
	Photovoltaic



	LOL
	Loss of Life



	CFI
	Carbon Free Island



	HEMS
	Home Energy Management System



	V2G
	Vehicle-to-Grid



	SOC
	State-of-Charge



	TS
	Transportation Safety Authority



	PDF
	Probability Density Function



	DP
	Degree of Polymerization



	DGA
	Dissolved Gas Analysis



	HST
	Hottest Spot Temperature



	PPI
	Passive PV Integration



	API
	Active PV Integration



	ESS
	Energy Storage System



	BESS
	Battery Energy Storage System







Nomenclature




	SOCBC
	Remaining SOC before charging



	SOC
	Battery state-of-charge



	  α  
	Number of days since the last charging event



	d
	Daily drive distance



	    d  m a x     
	Maximum drive distance



	    μ d    
	Average daily drive distance



	    σ d    
	Standard deviation of the daily drive distance



	    f  A T     
	PDF of vehicle arrival time



	    f  D T     
	PDF of vehicle departure time



	    μ  A T     
	Average value of the vehicle arrival time



	    σ  A T     
	Standard deviation of the vehicle arrival time



	    μ  D T     
	Average value of the vehicle departure time



	    σ  D T     
	Standard deviation of the vehicle departure time



	    p  C H     
	Probability of battery charging



	SOClimit
	Minimum threshold SOC value



	A
	Coefficient used for probability    p  C H    



	    p F    
	Probability of fast charging



	    p T    
	Time part of Probability for fast charging



	    p  S O C     
	SOC part of Probability for fast charging



	   ∆ T   
	Available period for EV charging



	   ∆  T  m i n     
	Minimum threshold value of   ∆ T  



	   ∆  T  m a x     
	Maximum threshold value of   ∆ T  



	   S O  C F    
	Threshold value of battery SOC



	C
	Coefficient used for probability    p F   



	    P  E V    ( t )    
	Overall power demand for EV charging



	Pi(t)
	Charging power of the ith EV



	FAA
	Aging acceleration factor



	    θ H    
	Hot spot temperature



	    θ  a m b     
	Ambient temperature



	   ∆  θ T    
	Temperature rise of top-oil



	   ∆  θ H    
	Rise of the hot spot temperature over top-oil



	   ∆  θ  T , U     
	Ultimate top-oil rise over ambient temperature



	   ∆  θ  T , i     
	Initial top-oil rise over ambient temperature



	   ∆ t   
	Time period of load



	    τ T    
	Oil time constant



	   ∆  θ  H , U     
	Ultimate winding hottest-spot rise over top-oil temperature



	   ∆  θ  H , i     
	Initial winding hottest-spot rise over top-oil temperature



	    τ W    
	Winding time constant



	   ∆  θ  T , R     
	Top-oil rise over ambient temperature at rated load



	   ∆  θ  H , R     
	Winding hottest-spot rise over top-oil temperature at rated load



	n
	Exponent used for   ∆  θ  T , U    



	m
	Exponent used for   ∆  θ  H , U    



	R
	Ratio of load loss at rated condition to no-load loss



	kt
	Ratio of ultimate load to rated load



	    F  E Q A     
	Equivalent aging factor



	    F  A A n     
	Aging acceleration factor for the temperature that exists during time interval



	   ∆  t n    
	Time interval



	   %   L O L   
	Loss of Life



	Ln
	Normal insulation life



	    P  D T     
	Distribution transformer load



	    P  b a s e     
	Base load demand



	    P  E V     
	Power demand required for EV charging



	    P  P V     
	PV source output power



	    P  l o a d     
	Overall load demand power



	    P  E S S     
	ESS output power



	QO
	Initial SOC



	CO
	Battery capacity in kWh



	tds
	Start time of ESS discharging



	tde
	End time of ESS discharging



	tcs
	Start time of ESS charging



	tce
	End time of ESS charging
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Figure A1. Probability that an EV is charged (pCH) with SOClimit = 0.2 and A = 1.25. 
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Figure A2. Configuration of apartment complex. 
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Figure A3. Load demand with different EV penetration ratios. 






Figure A3. Load demand with different EV penetration ratios.



[image: Energies 13 02571 g0a3]







[image: Energies 13 02571 g0a4 550] 





Figure A4. HST profile with different EV penetration ratios. 
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Figure 1. Diagram of Electric Vehicle (EV) charging demand estimation. 
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Figure 2. Probability Density Function (PDF) of variables: (a) daily drive distance; (b) vehicle arrival time. 
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Figure 3. Probability that fast charging is performed (   p F   ). 
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Figure 4. Hottest Spot Temperature (HST) and Loss of Life (LOL) of an example Distribution Transformer (DT) for different loading conditions. 
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Figure 5. Photovoltaic (PV) integration approaches: (a) Passive Integration (PPI); (b) Active Integration (API). 
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Figure 6. Local map of the considered apartment complex. 
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Figure 7. Simulated PV production profile. 
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Figure 8. LOL profile with different EV penetration ratio. 
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Figure 9. DT loading with different PV integration approaches (EV penetration ratio: 20%). 
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Figure 10. Effect of different discharging time to DT loading (EV penetration ratio: 20%). 
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Figure 11. LOL profile with different PV integration approaches (EV penetration ratio: 20%). 
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Table 1. Comparison of DT LOL (10−4 %) for a 24 h period.
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EV Penetration Ratio

	
10%

	
20%

	
30%




	
Without PV Integration

	
1.051

	
1.395

	
1.825




	
PPI Approach

	
0.8958

	
1.158

	
1.489




	
API Approach

	
Discharge started at 3 p.m.

	
0.7494

	
0.9352

	
1.145




	
Discharge started at 4 p.m.

	
0.7182

	
0.8918

	
1.088




	
Discharge started at 5 p.m.

	
0.6992

	
0.8653

	
1.063
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Table 2. Decrease rate of DT LOL (%) for the cases of Table 1.
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EV Penetration Ratio

	
10%

	
20%

	
30%




	
Without PV Integration

	
-

	
-

	
-




	
PPI Approach

	
14.8

	
17.0

	
18.4




	
API Approach

	
Discharge started at 3 p.m.

	
28.7

	
33.0

	
37.3




	
Discharge started at 4 p.m.

	
31.7

	
36.1

	
40.4




	
Discharge started at 5 p.m.

	
33.5

	
38.0

	
41.8
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