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Abstract

:

In this paper, the problem of simultaneous charging of Electrical Vehicles (EVs) in distribution networks (DNs) is examined in order to depict congestion issues, increased power losses, and voltage constraint violations. To this end, this paper proposes an optimal EV charging schedule in order to allocate the charging of EVs in non-overlapping time slots, aiming to avoid overloading conditions that could stress the DN operation. The problem is structured as a linear optimization problem in GAMS, and the linear Distflow is utilized for the power flow analysis required. The proposed approach is compared to the one where EV charging is not optimally scheduled and each EV is expected to start charging upon its arrival at the residential charging spot. Moreover, the analysis is extended to examine the optimal siting of small-sized residential Photovoltaic (PV) systems in order to provide further relief to the DN. A mixed-integer quadratic optimization model was formed to integrate the PV siting into the optimization problem as an additional optimization variable and is compared to a heuristic-based approach for determining the sites for PV installation. The proposed methodology has been applied in a typical low-voltage (LV) DN as a case study, including real power demand data for the residences and technical characteristics for the EVs. The results indicate that both the DN power losses and the voltage profile are further improved in regard to the heuristic-based approach, and the simultaneously scheduled penetration of EVs and PVs could yield up to a 66.3% power loss reduction.
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1. Introduction


In recent years, environmental pollution and the increase in greenhouse gas emissions have become crucial problems for Europe. Combined with the rising prices for gas and oil and the need to reduce CO2 emissions, the international community has shifted its attention to promoting and encouraging the usage of EVs. In this direction, the EU has signed the “Green Deal” agreement, with the main goal of achieving gas emission reductions of 55% and 100% by 2030 and 2050, respectively [1]. On the one hand, EVs are more eco-friendly and could contribute to reducing carbon emissions, but on the other hand, they are a new type of electric load, which is expected to burden residential installations and the grid. Because of the lack of public charging station infrastructure in many countries, the majority of EVs are expected to be charged in residential installations. Thus, the demand for electricity grows, and the conventional power grid faces new challenges associated with high operational and maintenance costs along with potential violations of its operational parameters. In order to solve these problems, the EU announced Regulation 2022/1854 [2], which mandates that Member States reduce power consumption during peak hours by at least 5%. This decision aims to improve the efficient operation of the DSs, with an emphasis on minimizing power losses [3]. For example, in Greece, according to the Regulatory Agency of Energy (RAE), energy losses in distribution networks are an important component of the total energy costs incurred by the final consumers. According to the current market design, suppliers bear the cost of the losses, and they incorporate it into the final bills of the consumers. The expected energy losses in the distribution networks are calculated using loss factors, which are calculated by the network operators and approved by RAE. The point is that the increased power losses affect the electricity price and the power supply stability and resilience, which all jeopardize the prosperity of the citizens. According to the published report of the EU Agency for the Cooperation of Energy Regulators, the cost of power losses is either passed directly to consumers through distribution tariffs or is included in the bid price in the energy markets. In both scenarios, the consumers are somehow charged with the cost of power losses [4]. Despite the advantages of EVs for the environment, the uncertain timing of their arrival and the resulting uncontrolled EV charging pose serious problems to the DN, related to power quality, reliability issues, and grid stability. More specifically, uncontrolled EV charging can lead to network congestion, increased power losses, peak demands, and an unbalanced voltage profile. In addition, the uncertainty related to the power production of RES could further worsen this situation if the EV charging fails to coincide with the on-site RES power production. Therefore, several studies have been implemented in order to mitigate these effects. One technique to reduce power losses is the NR scheme [5], which is usually applied to MV networks and aims to determine the optimal topology of the DN under minimum power loss. The basic concerns about NR refer to how frequently the scheme should be applied given the load variations over time. On top of that, if the power losses of the downstream LV DNs of the MV DN are minimized due to EV charging scheduling and PV optimal siting, then the NR application for the MV DN could be proved to be unnecessary in specific time periods. Thus, the idea of smart or optimal charging scheduling for EV charging has gained a lot of attention and become quite popular.



The integration of EVs has been considered in previous studies [6,7,8,9], but their charging schedules were not examined. In several studies [7,8,9], the charging power of the EVs was only used to reform the new load curve in order to strengthen the analysis, while in another study [6], the hosting capacity of the system under a sensitivity analysis regarding the placement of EV charging station at the bus was also examined. In addition, in [10], the authors aimed to determine the optimal size and location of EV charging stations under NR, taking into account their impact on the DN [11]. On the other hand, many studies have examined the charging of EVs combined with the installation of PV in order to address power losses, voltage violations, greenhouse emission reductions, or cost efficiency. For example, the authors in [12] proposed an option to increase the financial benefits for the users of Germany’s power grid who use PV self-consumption and apply EV smart charging. The problem was formed as non-linear optimization, and different groups of people and charging strategies (unmanaged, smart unidirectional, and smart bidirectional charging) were utilized in order to minimize the total electricity cost. They placed emphasis only on the revenue for different charging and discharging profiles, without examining the impact of EVs on the grid’s total losses or voltage. In addition, the research in [13] reported EVs and EVCSs as controllable loads that can effectively provide grid ancillary services in order to increase the PV hosting capacity. However, EV scheduling and PV siting were not examined. Ιn another study [14], different cases of EV charging were compared with the aim of minimizing the operating cost of the microgrid under study, maximizing the use rate of PV energy, and minimizing the power fluctuation between the main grid and the microgrid; however, PV siting optimization was still not examined.



Some authors have examined the impact of EV charging and penetration of PVs without optimally scheduling EV charging or siting the PV installation. For instance, the work in [15] only presents the DN voltage profile after PV and EV penetration in terms of assessing their impact. Two models were analyzed, and a non-linear optimization problem was formed for the objective function. Moreover, the analysis presented in [16] focused solely on the impact of EV penetration in DN. A novel dynamic optimization algorithm, based on the Proof of Need (PoN) mechanism, was proposed to efficiently manage EV charging schedules. This approach aimed to mitigate grid power peaks while ensuring user satisfaction and meeting vehicle charging requirements, but it did not account for the simultaneous penetration of PV systems. The authors in [17] investigated how to allocate electricity demand from the power grid for EV owners who have installed distributed solar panels at their homes. A Difference-in-Differences (DID) model was employed to compare consumers with and without EVs, as well as EV owners with and without additional PV systems. The goal was to reduce the average hourly demand from the grid while analyzing the total savings that arise from integrating solar panels with EV charging. Moreover, the authors in [18] proposed the use of metaheuristic algorithms (including particle swarm optimization (PSO), the Salp swarm algorithm (SSA), and the arithmetic optimization algorithm (AOA)) in order to optimally design the structure of an EVFCS connected to a RES and BESS. The RESs were installed to reduce the impact on the grid, while a probabilistic distribution was used for the time of arrival of EVs. The target of this work was the maximization of the profit of the EVFCS determined by its net present value. Generally, metaheuristic algorithms have been extensively applied in problems concerning EV penetration in DNs, but they are prone to local optimum solutions. This is a basic limitation of these approaches. In [19], a metaheuristic algorithm known as the Whale Optimization Technique (WOT) was used to optimize the location and size of EVCS, distribution generators, and shunt capacitors. Its efficiency was evaluated in terms of voltage stability improvement and power loss reduction. Another type of optimization is referred to in [20], known as the stochastic metaheuristic method. This study examined the impact of the uncertainties (arrival and departure of EVs) on a microgrid with RES and EV integration by proposing the Stochastic Monte Carlo Method. In addition to the impact of an uncertain number of EVs, the primary objective of this research was to optimize the system configurations using a metaheuristic algorithm. More specifically, a cost-effective, reliable, and renewable energy system was achieved by employing four metaheuristics algorithms. Finally, the analysis in [21] focused on an optimized charging scheduling algorithm in solar PV-powered grid-connected EV charging stations. A metaheuristic algorithm was used to schedule EV charging by effectively utilizing the PV power under a forecast model of solar power generation with the aim of minimizing charging costs.



In the present study, a two-stage optimization scheme is proposed, including EV smart charging and PV siting. In the first stage, the impact of uncontrolled EV penetration in LV DN is investigated, considering the operational constraints of the DN, in terms of power losses, the voltage profile, and the ampacity level for the lines of the DN. Then, the optimal charging scheduling is formed as a mixed-integer linear optimization problem and, in turn, is solved as a mixed-integer quadratic optimization problem. The results are compared to those under no optimal scheduling to showcase the impact of the smart EV charging on the DN’s operational characteristics. In the second stage, the smart EV charging plan is combined with optimal PV siting to further exploit the on-site PV power production towards the DN voltage profile improvement. This is because the PV installation could alleviate grid congestion and increase EV hosting for the DN under study. Aiming to highlight the PV optimal siting approach, we initially examine a heuristic-based approach for the PV siting; this approach indicates the nodes that undergo the most extreme undervoltage issues as critical nodes for PV installation. Then, we come up with the optimal PV siting and compare these two approaches in terms of the voltage profile and power losses for the DN.



Therefore, the main contributions of the present study can be outlined as follows:




	
Optimal hourly EV smart charging scheduling in LV DNs is proposed under a mixed-integer linear model aiming at optimizing the voltage profile of the DN.



	
Optimal PV siting is integrated into the optimization model to further improve the voltage profile by exploiting the on-site PV power production.



	
The impacts of EV and PV penetration, such as increased power losses, congestion, and voltage constraint violations are mitigated due to proper time allocation for EV charging.



	
Power peaks in PV production and load demand are also mitigated for the benefit of the DN’s operational characteristics.








The rest of the paper is organized as follows. Section 2 presents the mathematical methodology of the heuristic and optimization algorithms for EV charging and PV siting, along with the objective function. Also, the case study and the examined scenarios are analyzed. In Section 3, the results of the study are presented and discussed. Finally, Section 4 concludes the paper.




2. EV Charging Scheduling and PV Siting


2.1. EV Time of Arrival


The proposed methodology examines the impact of EV penetration on power losses, bus voltage, and line loading of a real LV DN. The research is executed in two stages. The first stage includes only EV penetration in the DN, while the second stage integrates the PV installation. One of the most important aspects regarding the impact of EVs on DN is the assessment of EVs’ time of arrival. The determination of the EVs’ charging scheduling is utilized in two ways, one heuristic and the other under an optimization scheme. Input data such as the time of arrival, EVs’ SoC, and the technical characteristics of the EVs, i.e., battery capacity and charger’s rate, are taken into account stochastically, as described in the following sections.



Due to the residential profile of the examined DN, it is assumed that the possible EVs’ time of arrival ranges from 12:00 to 18:00. The time of arrival depends on the driver’s behavior or household characteristics, the mobility data, and the charging rate assumption. The selected interval regarding the EVs’ time of arrival has been verified by previous studies [4,22]. In [22], several aspects related to EV charging in DNs are presented. More specifically, the authors in [22] examined the additional power demand by EVs for different days and respective load profiles. The probability concerning the time of arrival was considered different between workdays and weekends. Also, this work presented some data for EV time of arrival depending on the type of EV, charger rate, charging location, and user preferences. Another important parameter that determines the time of arrival is related to demographic characteristics. For example, it differs if someone is unemployed, a full-time or part-time worker, or a homemaker. Based on these data, the analysis in [22] concluded that the time of arrival for EVs varies between 12:00 and 18:00 and follows a nominal distribution. Based on these findings, in this work, we adopt the same approach by applying the normal distribution to define the EVs’ time of arrival under different values for the mean value μ and the standard deviation σ.



This time period has been also confirmed by the data analysis conducted by the Adaptive Charging Network Portal [23].




2.2. EV Charging Scheduling


Firstly, the impact of EV penetration is examined without applying any charging schedule. In particular, each EV starts its charging exactly upon arrival and continues until full charging. The arrival time depends on the normal distribution applied, and the range of arrival time is between 12:00 and 18:00, as explained earlier. In order to define the time for the charging of each EV, it is necessary to know the technical characteristics of the EVs, i.e., battery capacity and charger rate, and the SοC when the EV arrives at the respective residence for charging. We define the typical range of SoC at the arrival time of between 20% and 50%, while we consider that each EV can return to its residence once during the day. So, for each of the examined scenarios, the SoC value for an EV upon arrival has been set randomly to between 20 and 50% under a normal distribution. The time needed for each EV to be fully charged was computed by (1).


    t   r e m a i n n g   = C a   r   b a t t e r y   ×    1 −   S o C   100       C a r   c h a r g e r       



(1)







Based on the resultant time in (1) and the charging rate of the EV, the demand curve of the residence is reformed to consider the additional load caused by EV charging.



Furthermore, as uncontrolled EV charging usually poses challenges for the DN’s operation, charging is scheduled using an optimization scheme under linear programming. Initially, the power flow problem is integrated into the optimization model as linear programming in order to avoid the time-consuming non-convex solvers [24] and the drawbacks of metaheuristics algorithms [25]. Subsequently, the linear programming model was converted into a mixed-integer linear program. The reason for this conversion is the utilization of a binary variable     y   t , i     to control the EV charging initialization. This binary variable allows the selection of the appropriate charging time from the given time range for each EV. When the binary variable equals 1, the EV charges, while if the value is 0, then the EV is in idle mode. In addition, it is necessary for each EV to take into account two constraints. As it seems in (2) and (3), the first one is used to ensure that the EV charging time will not exceed the time defined by (1), while the second constraint verifies that the charging will be within the examined time period.


    ∑  t = 1   T      y   t , i     =   t   r e m a i n n g    



(2)






    t   a r r i v a l _ t i m e   ≤     ∑  t = 1   T      y   t , i     +   t   a r r i v a l _ t i m e     ≤ T  



(3)







The aim of the first stage of this analysis is to optimize the voltage profile of the DN under EV penetration. Τhe case of uncontrolled charging time is compared to the one under the optimal charging schedule in order to showcase the impact of the EV smart charging on the DN’s operational characteristics. Thus, the objective function (OF) for both cases is mathematically described in (4):


  O F = m i n   ∑  i = 1   N        U   a   −     U     t   ,   i          



(4)







The nominal voltage of the slack bus equals 230 V. It should be noted that EV charging is applied on a single-phase LV DN with residential charger stations, and each bus or residential consumer has exactly one EV. The impact of uncontrolled charging along with the optimal charging schedule is assessed in terms of voltage profile improvement, line loading, and power losses for the examined DN. This assessment has been carried out using AC power flow analysis in DigSilent© software 2023 package. The initial optimization scheme was based on a linear formulation for the objective function integrating the linear distflow analysis since the latter yields efficient results with minimal computational overhead, as discussed in [26]. The mathematical modeling of the linear distflow analysis is described in (5)–(7):


     P   t , i , j   f l o w     =   P   t , j   d e m a n d       +   ( P   t , j   E V   ×   y   t , j   )   +   ∑  b   N      P   t , j , b   f l o w       , ∀ i < j < b   



(5)






     Q   t , i , j   f l o w     =   Q   t , j   d e m a n d   +   ( Q   t , j   E V   ×   y   t , j   )   +   ∑  b   N      Q   t , j , b   f l o w     , ∀ i < j < b   



(6)






        U   t , j       2   =       U     t , i   ,         2    −   2 × R   i , j   ×   P   t , i , j   f l o w     −   2 × X   i , j   ×   Q   t , i , j   f l o w     ,   ∀ i < j   



(7)







The EVs were considered to inject only active power, i.e., the power factor for all EVs was taken as equal to 1. Also, b represents each downstream bus that connects to the j-th bus, while j is the bus between buses i and b.     ∑  b   N      P   t , i , b   f l o w       is the sum of active power, which flows through the branch between bus j and downstream buses. The same analysis stands for the     ∑  b   N      Q   t , j , b   f l o w      . Based on [27], (7) can be transformed into (8):


       U     t   ,   j       =     U     t   ,   i       −   R   i , j   ×   P   t , i , j   f l o w     −   X   i , j   ×   Q   t , i , j   f l o w     , ∀ i < j   



(8)




subject to voltage constraints defined by (9):


    U   m i n   ≤   U   t , i   ≤   U   m a x    



(9)







Finally, the aim of the methodology is the improvement of the voltage profile initially formed under the linear expression in (4). Focused on the approach in [28], the objective function is squared to penalize large errors and provide better solutions. Therefore, the mixed-integer linear model is converted to a mixed-integer quadratic model, as presented in (10):


    O F  ′  = m i n   ∑  i = 1   N          U   a   −     U     t   ,   i        2   



(10)








2.3. PV Siting


In the second stage of the proposed methodology, we integrate the PV installation into the optimization model; this is implemented on two levels. In the first level, the impact of EVs’ and PVs’ penetration is examined simultaneously without applying any charging schedule, as previously performed, or PV siting optimization. Specifically, the installation of PVs is performed using a heuristic approach and PV systems are installed into the so-called critical nodes of the DN. As critical nodes, we consider the nodes with the lowest voltage value magnitude due to EV penetration. It is highly possible that these nodes are the far-end nodes of the branches. In order to decide on the level of criticality for the DN nodes, all nodes are placed in ascending order regarding their voltage magnitude in order to prioritize the selection of nodes with the lowest voltage magnitude. In addition, the frequency of appearance for each node in all 14 examined scenarios, is counted. As a critical node, we consider node j, for which the frequency of appearance f in the 14 scenarios is greater than or equal to 7 (i.e., at least half of the examined scenarios). In total, 7 nodes were present more than 7 times in the examined 14 scenarios. Although the analysis here concerns one day, the same concept for depicting the critical nodes throughout the whole year could also be applied. The flowchart of this approach for selecting the critical nodes is presented in Figure 1.



According to a recent subsidized program in Greece called “PV in Rooftops” for the installation of residential PV systems, the maximum rated power for each residential installation has been set at 10.8 kW. Moreover, according to unofficial data from the Greek DSO, the requests for LV rooftop PV installation usually vary between 3 and 10 kWp and in most cases, the requested PV capacity is no more than 8 kWp. We examined 2 different cases regarding the sizing of the PV systems at the critical nodes, which are presented as follows:




	(a)

	
Installation of PVs with nominal power range from 3 kWp to 6 kWp at 7 critical nodes.




	(a)

	
Installation of PVs with nominal power range from 5 kWp to 8 kWp at 7 critical nodes.









In addition, at the second level, simultaneous optimal EV charging schedule and PV siting have been examined using a mixed-integer quadratic optimization model. The methodology of this case is similar to the one in Section 2.2 (i.e., optimal EV charging scheduling) with the integration of one more optimization variable into the optimization model regarding the siting of the candidate PV systems under additional constraints. At first, a binary variable     x   t , i     is defined to facilitate PV siting, while the daily PV power production profiles of different-sized PV systems are utilized. Thus, variable     x   t , i     corresponds to each PV at a bus, but each PV system should be installed at exactly one bus and each bus can only host one PV unit, respectively. The sum of     x   t , i     corresponds to the number of PVs that are considered available for installation. Therefore, Equations (5)–(7) are now converted into the ones described in (11)–(13):


     P   t , i , j   f l o w     =   P   t , j   d e m a n d       +   ( P   t , j   E V   ×   y   t , j   ) −   ( P   t , j   P V   ×   x   t , j   )   +   ∑  b   N      P   t , j , b   f l o w       , ∀ i < j < b   



(11)






     Q   t , i , j   f l o w     =   Q   t , j   d e m a n d   +   ( Q   t , j   E V   ×   y   t , j   ) −   ( Q   t , j   P V   ×   x   t , j   )   +   ∑  b   N      Q   t , j , b   f l o w     , ∀ i < j < b   



(12)






        U   t , j       2     =     U     t , i   ,         2    −   2 × R   i , j   ×   P   t , i , j   f l o w     −   2 × X   i , j   ×   Q   t , i , j   f l o w     , , ∀ i < j   



(13)







In this analysis, it should be noted that the PV systems were considered to inject only active power, i.e., the power factor for all PV systems was taken as equal to 1. In particular, the flowchart in Figure 2 provides a more detailed description of the process.




2.4. Case Study


The analysis in this paper aims to examine the penetration of uncontrolled and controlled EV charging, as well as the simultaneous effects of EV charging and PV sitting in an LV DN. This study evaluates the impact on the operational characteristics of the network, i.e., power losses, voltage profile, and loading of lines.



To this end, an LV DN with 26 nodes, i.e., 24 residences, is examined. In Figure 3, the DN layout is presented; the network comprises one MV-to-LV transformer between the first two nodes and several short laterals. The technical characteristics of this, including the line length and impedance, can be found in [29]. Power flow simulations have been performed in the DigSilent© software 2023 package. Real load demand values for each node–household with a time-step of 1 h spanning a 1 year timeframe were available. The demand curves, i.e., active power demand, of 24 residences are presented in Figure 4 for 24 h.



In the case study of this work, a spring sunny day has been selected with high load demand and PV generation. As mentioned before, each residence has only one EV and the penetration rate of EVs is set at 100%, meaning that all houses are expected to have exactly one EV while each EV returns exactly one time to the charging station. The characteristics of EVs are taken from real EV models and refer to the capacity of the EV’s battery and charging rate. In Table 1, the values of these characteristics are presented. Also, the daily PV power production for the examined day is presented in Figure 5 for different-sized PV systems.




2.5. Examined Scenarios


In the first stage, we aim to evaluate the effect of the time of arrival of EVs on the operational characteristics of the DN. Thus, 14 scenarios were formed with different normal distribution parameters that determine the time of arrival for each EV. As explained previously, in level one, each EV starts its charging exactly upon arrival and continues until full charging without applying any charging schedule. Thus, the differences among these 14 scenarios refer to the different values for the mean value μ and the standard deviation σ. Table 2 analytically shows these values for each scenario. As observed in Table 2, μ ranges between 12:00 and 18:00 (incremental step is 1) to align with the findings presented earlier regarding the expected time of arrival for EVs. The difference between σ = 2 and σ = 3 defines the range within which most of the EVs are most likely expected to arrive at the home charging installation. The range [−σ, +σ] around μ defines a timeframe with a 68% probability of an EV to arrive at its respective residence for charging. For example, in Sc#1, with μ = 12 and σ = 2, the time of arrival with 68% probability lies between 10:00 and 14:00. Therefore, in Sc#2, with μ = 12 and σ = 3, the respective range lies between 9:00 and 15:00. In this way, the power curves for all nodes–residences are reshaped and then the power flow analysis is performed. The simulations in this work concern only BEV but PHEV could also be considered.



On the other hand, in level two, the optimal charging scheduling is applied without the constraint of consecutive charging for an EV. The latter means that the optimization model seeks the optimal number of the required hours to fully charge each EV, but it is not necessary to have the charging in sequential time steps. Using mixed-integer programming, the charging time is selected from the arrival time until 24:00 (the end of the day) in order to minimize the new demand and, in turn, optimize the voltage profile and yield reduced power losses.



In the second stage, the penetration of PVs is further examined. As mentioned in Section 2.3 in the first level, the PVs are installed in 7 critical nodes based on the heuristic approach explained. Two different cases are examined for 14 scenarios subject to different PV systems’ sizing. Additionally, in level two, the PV power for the considered systems is the same as level one, but the PV siting is now optimally defined. Specifically, using mixed-integer quadratically programming, the PV siting is determined for the 14 examined scenarios.



As seen before, this study is examined in two stages, involving two different levels for each stage under 14 scenarios. More specifically, these 14 scenarios are applied to 6 cases, due to two ranges for the PV sizing, which are analyzed in more detail in Table 3.





3. Results


In this section, the results derived from the simulations for all examined cases and for all 14 scenarios are presented in order to highlight the impact of optimal EV charging along with optimal PV siting. Thus, the results regarding the daily power losses for the examined DN are presented in Figure 6.



As it seems in Figure 6, in case A (light blue bars), the highest power losses occur as the EVs charge without applying any schedule, while in case D (orange bars), power losses are reduced by up to 22.21% under the optimal EV charging application. Generally, power losses depend on the load profile, the time of arrival, the SoC, and, therefore, the duration of charging. When the PVs are installed, power losses could be mitigated as the on-site PV power production offsets the local power demand. In cases B, C, E, and F, the introduction of PV power systems yields power loss reduction. Comparing cases B and C (grey and red bars) in which PVs are installed at critical nodes with cases E and F (blue and green bars) where optimal PV siting is utilized, we conclude that scenarios with optimal PV siting show higher power loss reduction, at 66.3% and 53.83%, respectively. In contrast, for cases B and C, the reductions in power losses are up to 32.9% and 41.35%. This is more evident when the size of the PVs is larger. All scenarios follow the same trend for the examined cases except for Sc#13 and Sc#14. Specifically, in Sc#13 (μ = 18, σ = 2) and Sc#14 (μ = 18, σ = 3), the time of arrival of most of the EVs varies from 17:00 to 21:00, while PV generation occurs mainly between 7:00 and 20:00, as shown in Figure 5. Therefore, since EV charging does not coincide with PV power production, the DN losses are expected to be higher. Thus, in case F, where the PV power units are larger than in case E, higher losses are observed due to reverse power flow during noon hours.



Furthermore, in all scenarios, the voltage and current profiles of the LV DN have been assessed. However, in this paper, only Sc#5 and Sc#13 are represented because Sc#13 differs from the others, while Sc#5 is representative of all the rest. Additionally, the time of arrival of EVs in Sc#5 is midday, whereas in Sc#13, it is in the afternoon.



Applying the methodology from Section 2, significant differences in the EV charging time slots and for the PV sites are observed under the heuristic approach with the optimization model developed. In Figure 7 and Figure 8, EV charging for Sc#5 and Sc#13 are presented for cases A and D. Specifically, the green color represents uncontrolled EV charging, where the vehicles begin charging immediately upon arrival at the EV station (residence). In contrast, the red color depicts optimal EV charging time slots as a result of the mixed-integer quadratic programming model in this work. Furthermore, in Sc#5 in Figure 7 (m = 12, s = 2), more EVs arrive at midday, but during these hours, residential demand is high. Thus, the optimal algorithm tries to distribute the EV charging throughout the day. However, in Sc#13 in Figure 8 (m = 18, s = 2), many EVs in case D charge in the same time slots as in case A without optimal EV charging. This is because more EVs arrive in the afternoon, leaving insufficient time to charge without charging overlaps.



In cases B, C, E, and F, the new element refers to the consideration of PV installation in the DN. According to Table 3, in cases B and C, a heuristic algorithm is utilized. Therefore, the PVs were installed in critical nodes 13–19 for all 14 scenarios, as shown in Figure 9. On the other hand, using the optimization model for PV siting, the PV systems are distributed across the DN. For example, in Sc#5, case E, the PVs are installed in nodes 11 and 14–19, while in the same case for Sc#13, the PVs are installed in nodes 3, 4, 9, 14, 15, 22, and 25. As shown in Figure 10, PV siting depends not only on residential and EV demand but also on the sizing of the PVs and on the DN’s layout. In case E, PV sizing is lower than in case F.



In addition, the voltage profiles during a day for Sc#5 and Sc#13 and for all six examined cases are illustrated in Figure 11 and Figure 12 in boxplots. More specifically, Figure 11 presents the voltage profile of Sc#5 for all six cases. The boxplots in Figure 11a–c represent cases A, B, and C, respectively, which use a heuristic approach either for EV charging or PV siting, while the boxplots in Figure 11d–f represent cases D, E, and F, which use an optimization model. The boxplots in Figure 11a–c present many undervoltage and overvoltage values (i.e., outliers), lying between 220 V and 223 V, compared to the boxplots in Figure 11d–f where no extreme undervoltage or overvoltage values are observed. Moreover, in these boxplots, the voltage follows a consistent pattern, with 50% of the values in all nodes closer to the nominal voltage (except for bus 2).



Subsequently, the voltage profiles throughout the day for Sc#13 for all six cases are represented in Figure 11. The boxplot in Figure 12a, which refers only to EV charging, shows some extreme undervoltage values (i.e., outliers) of 221 V compared to the boxplot in Figure 12d, where no extreme values are observed and 50% of the values in all nodes range from 226 V to 230 V (except for bus 2). In addition, the boxplots in Figure 12b,c present higher overvoltage values of up to 233 V compared to the boxplots in Figure 12e,f where the highest overvoltage value reaches 231 V. Also, in the boxplots for cases E and F, all nodes experience similar boxplots, with 50% of the values in all nodes ranging approximately from 227 V to 230 V (except for bus 2).



Finally, in Figure 13 and Figure 14, color maps for Sc#5 and Sc#13 for all six cases representing line loading are presented. Figure 13 illustrates the current profile regarding Sc#5. As observed, the values of the carrying current in cases A, B, and C with uncontrolled EV charging and PV siting are higher than in cases D, E, and F, which use optimal scheduling for EV charging and PV siting. In particular, in the last three cases, the color maps are almost entirely blue, meaning that line loading is relieved along all lines. Moreover, the highest current values are observed from 12:00 to 17:00 because, in this scenario, the range of arrival times of EVs is from 12:00 to 16:00 and demand is usually high during those hours. Also, PV generation coincides with the arrival times of EVs, reducing line loading.



Similarly, as shown in Figure 14 for Sc#13, the current values in cases A, B, and C, with uncontrolled EV charging and PV siting are higher than in cases D, E, and F, which use optimal scheduling for EV charging and optimal PV siting. Furthermore, the highest current values are presented during the evening hours, specifically from 17:00 to 23:00, as the range of arrival times of EVs is from 12:00 to 16:00. However, despite the PV installation, the voltage profile is not the best since:




	(a)

	
PV generation does not coincide with the arrival times of EVs.




	(b)

	
The available timeframe for EV charging is very short, thus charging overlaps occur, resulting in peak power demand.










4. Conclusions


In this paper, the impact of EV and PV penetration in an LV DN under a two-stage, two-level strategy is presented. Issues regarding voltage quality and power losses are addressed by optimally scheduling EV charging and optimally siting the PV systems. Such issues may arise since high PV production during periods of low demand or when PV generation does not coincide with the arrival times of EVs may cause undesirable overvoltage issues. Also, EV charging during periods of high demand could cause severe voltage drops.



Thus, in the first stage of the proposed analysis (three cases examined: A, B, and C), a heuristic approach to EV charging and PV siting is applied. The PVs were installed in seven critical nodes under the criterion of selecting the nodes suffering from the highest undervoltage issues. In the second stage (three cases examined: D, E, and F), an optimization algorithm is proposed for EV charging and PV siting. The proposed charging planning is applied every hour throughout the examined time horizon, considering different PV power units for installation. Moreover, 14 different scenarios regarding the time of arrival for the EVs under a normal distribution are formed.



According to the results of the proposed methodology, which were assessed in an LV DN with real demand data, and by comparing the results of the heuristic approach with those of the optimization algorithm, it appears that:




	
Comparing the 14 scenarios of case A under uncontrolled EV charging with the optimal scheduling, a power loss reduction equal to 22.21% is achieved, and the voltage profile is improved as it now ranges from 220 V–230 V instead of 224 V–230 V.



	
The employment of PV installation at seven critical nodes using a heuristic approach results in a power loss reduction of 32.9% and 41.36% for the examined scenarios, while a slight voltage increase is observed.



	
However, applying optimal PV siting and EV charging scheduling yields a higher loss reduction of between 53.83% and 66.3%, while the voltage profile is further improved since the voltage magnitude varies between 225 V and 231 V.
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Nomenclature




	
Abbreviations




	
BESS

	
Battery Energy Storage Systems




	
BEV

	
Battery Electric Vehicles




	
EVCS

	
Electric Vehicle Charging Stations




	
EVFCS

	
Electric Vehicle Fast-Charging Station




	
EU

	
European Union




	
EV

	
Electric Vehicle




	
GAMS

	
General Algebraic Modeling System




	
DN

	
Distribution Network




	
DS

	
Distribution System




	
LV

	
Low Voltage




	
MV

	
Medium Voltage




	
NR

	
Network Reconfiguration




	
SoC

	
State of Charge




	
PV

	
Photovoltaic




	
PHEV

	
Plug in Hybrid Electric Vehicles




	
RES

	
Renewable Energy Source




	
Parameters




	
    P   t , i   d e m a n d    ,     Q   t , i   d e m a n d    

	
The active and reactive power demand for the residence




	
     P   t , i   E V        ,     Q   t , i   E V     

	
The active and reactive EV power demand




	
    P   t , i   P V    ,     Q   t , i   P V    

	
The active and reactive PV power generation




	
T

	
Time period of the scheduling (24 h)




	
N

	
Numbers of buses at LV DN




	
     U   a     

	
The nominal voltage of the slack bus (230 V)




	
    R   i , j    ,     X   i , j    

	
Resistance and Reactive of line connected from i to bus j




	
     t   a r r i v a l _ t i m e     

	
The EV time of arrival in charge station




	
   C a   r   b a t t e r y     

	
Capacity of EV’s battery (kWh)




	
   C a   r   c h a r g e r     

	
Charging capacity (kW)




	
     U   m i n     

	
Lower voltage permissible thresholds




	
     U   m a x     

	
Upper voltage permissible thresholds




	
Real Variables




	
     P   t , i , j   f l o w        ,     Q   t , i , j   f l o w     

	
The active and reactive powers which flow through the branch between buses i and j.




	
     U     t   ,   i     

	
Τhe calculated voltage of each bus i at each hour in a day




	
     t   r e m a i n i n g     

	
Time needed for the EV to fully charge




	
Sets




	
i, j, b

	
Sets of buses for LV network




	
t

	
Sets of hours in a day




	
Binary Variables




	
     y   t , i     

	
Binary variable controls the EV charging initialization (is equal to 1 if EV charges)




	
     x   t , i     

	
Binary variable is defined to facilitate the PV siting (one PV to each bus)
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Figure 1. Flowchart of critical node selected. 
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Figure 2. Flowchart of scheduling EV charging and PV siting. 
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Figure 3. LV network topology. 
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Figure 4. Loads demand: (a) loads 1–12; (b) loads 13–25. 
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Figure 5. Daily PV generation. 
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Figure 6. Daily energy losses in 14 scenarios for all 6 cases. 
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Figure 7. Controlled and uncontrolled EV charging for Sc#5, cases A and D. 
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Figure 8. Controlled and uncontrolled EV charging for Sc#13, cases A and D. 
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Figure 9. Installation of PVs in critical nodes for 14 scenarios, cases B and C. 
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Figure 10. Optimal PV siting: (a) Sc#5, case E; (b) Sc#5, case F; (c) Sc#13, case E; (d) Sc#13, case F. 
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Figure 11. Voltage profile for Sc#5: (a) case A, (b) case B, (c) case C, (d) case D, (e) case E, and (f) case F. 
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Figure 12. Voltage profile for Sc#13: (a) case A, (b) case B, (c) case C, (d) case D, (e) case E, and (f) case F. 






Figure 12. Voltage profile for Sc#13: (a) case A, (b) case B, (c) case C, (d) case D, (e) case E, and (f) case F.



[image: Wevj 15 00462 g012]







[image: Wevj 15 00462 g013] 





Figure 13. Current profile for Sc#5: (a) case A, (b) case B, (c) case C, (d) case D, (e) case E, and (f) case F. 
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Figure 14. Current profile for Sc#13: (a) case A, (b) case B, (c) case C, (d) case D, (e) case E, and (f) case F. 
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Table 1. Characteristics of different EV types.
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	Types of EVs
	Capacity of EV’s

Battery (kWh)
	Charging Capacity (kW)
	Number of EVs





	1
	25
	6.6
	2



	2
	36
	7.2
	1



	3
	33
	7.4
	7



	4
	28
	7
	6



	5
	42
	7.7
	3



	6
	40
	6.6
	2



	7
	100
	10
	1



	8
	95
	9.6
	2



	9
	75
	19.2
	1










 





Table 2. Simulation scenarios.
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	Scenarios
	Mean Time μ
	Standard Deviation σ





	Sc#1
	12:00
	2



	Sc#2
	12:00
	3



	Sc#3
	13:00
	2



	Sc#4
	13:00
	3



	Sc#5
	14:00
	2



	Sc#6
	14:00
	3



	Sc#7
	15:00
	2



	Sc#8
	15:00
	3



	Sc#9
	16:00
	2



	Sc#10
	16:00
	3



	Sc#11
	17:00
	2



	Sc#12
	17:00
	3



	Sc#13
	18:00
	2



	Sc#14
	18:00
	3










 





Table 3. Comparison of examined cases.
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	Cases
	First Stage

Only EV

Penetration
	Second Stage

EV and PV

Penetration
	Level One

Heuristic EV Charging

Scheduling and PV Siting
	Level Two

Optimal EV Charging

Schedule and PV Siting
	Power of PV

3–6 kWp
	Power of PV

5–8 kWp





	Case A
	✓
	✕
	✓
	✕
	✕
	✕



	Case B
	✓
	✕
	✓
	✕
	✓
	✕



	Case C
	✓
	✕
	✓
	✕
	✕
	✓



	Case D
	✕
	✓
	✕
	✓
	✕
	✕



	Case E
	✕
	✓
	✕
	✓
	✓
	✕



	Case F
	✕
	✓
	✕
	✓
	✕
	✓
















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2024 by the authors. Published by MDPI on behalf of the World Electric Vehicle Association. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).








Check ACS Ref Order





Check Foot Note Order





Check CrossRef













media/file13.jpg
i

:

15 P 4 0 1






media/file4.png
Data regarding the ) -
hourly load demand Read Data Techglfctahl ecngt':ztri"sncs
from each household Create Network indicate th f' bl

for one day (Pd) indicate the type of cable
y
haracteristics of EVs from real -
capacity of EV's béttery and Read Data normal distribution arises:

v

s=1
where 5=12._.14 is the
number of different scenarios

!

=1
where i=12,...26 is the
number of buses in DN

v

t=1
where t=12._24isthe 24

hours of a day

Has any EV no

arrived at { hour

and will PV installed
ini/bus ?

. Apply mix-integer qudratic
calculating programming for

rac:‘ :Lgf'g%%:f:] ?: i charging scheduling and PV
ging siting at i bus in LV DN

:

t=t+1 <

number
of available PVs
and PV generation (Ppv)

yes

<24

=i+

<26

consumption = Pd +
Pev + Ppv

l

calculation of
Load Flow






media/file18.png
24 25 26
23—@—24—@
20 21 22 23

9 q}—19-l}—20-4lr—21—1l

3 4 S 14 18 19
1—.—2—.—3—l— T1 —@—11—@—17—@—1—@—17—@

13 16 17
14—@—15—@
6——|I——7—-lb——8—-|l——9-ib

® Node with PV installation
@ Node without PV installation






media/file21.jpg
mummuumm” uwuummuuw





media/file26.png
(a) Sc#5 Case A

(b) Sc#5 Case B

(c) Sc#5 Case C

<
V4
E.)
C
Q
=
.
=
@

0.156

(f) Sc#5 Case F






media/file27.jpg
(2) Sc#13 Case A
—

e —|

(5) Sc#13 Cose s
—

(0 5c#13 Case C

(0)5c#13 Case £
=)

p—

() 5c#13 Case F






media/file3.jpg
Data regarding the
Roury load demand
from each household
for one day (Pa)

raractenstics of EVs from real
models:
capacy of EV's batery and
charging capacily (Pev)

Technicalcharacteristics
Croe et e neunt
indcate the type of cable
using MATLAS,
Read Data normal dstibution arses:
arivaltme of EV and SOC
=1
here s=12..14 s the
[rumber of terent scenarios
1

where 12,..26 s the
umber of buses in DN

ours of a day

Fas any EV
artived at thour

and wil PV instalied
inibus?

no

calculatng
charging duration,
rate of EV charging

‘Apply mix-integer qudratic
programming for
eharging scheduing and PV
siting at | bus in LV DN

number
of avaiable Ps
and PV generation (Ppy)

o

consumption = Pd +
Pev=Fov

caleulaton of
Load Flow,






media/file22.png
Voltage (kV)

Voltage (kV)

Voltage (kV)

0.232

0.230

0.228

0.226

0.224

0.222

0.220

0.232

0.2

&

0.228

0.226

0.224

0.222

0.220

0.232

0.230

0.228

0.226

0.224

0.222

0.220

Wi

R l”

'33. e %e e
- ® o o
.l:..... ° o

....‘

34567 8 91011121314151617181920212223242526

Nodes

(a)

QTN

3456 7 8 91011121314151617181920212223242526
Nodes

(b)

i

34567 8 91011121314151617181920212223242526
Nodes

(©)

Voltage (kV)

Voltage (kV)

Voltage (kV)

0.232

0.230

0.228

0.226

0.222

0.220

0.232

0.228

0.226

0.224

0.222

0.220

0.232

0.230

0.228

0.226

0.224

0.222

0.220

A

34567 8 91011121314151617181920212223242526
Nodes

(d)

=AY

34567 8 91011121314151617181920212223242526
Nodes

(€)

A

34567 8 91011121314151617181920212223242526
Nodes

(f)





media/file19.jpg





media/file7.jpg
Daily Demand of 25 Residences (kW)

35

25

Daily Demand of 25 Residences (kW)

203 4567 8 91011 12131415161718192021 22252
Hours
LOAD] ~mlOAD2 ——mlOAD3 ——mLOADS —emLOADS. e OADG
LOAD? —mOADS = 0ADS. = OADI0 mmm ORDH1 mmn ORD2
(@

2345678 91011121316151617 18192021 22 23 20
Hours

LOAD3 e LOAD14 e LOADS e LOADI6 e LOAD17 =l OADIS

LOAD20 e LOAD21 e LOAD22 e L ORD23 e L ORD24 = OAD2S.

(b)

LoAD19





media/file28.png
(a) Sc#13 Case A

20 A

Lines

Ll T 1| T

(b) Sc#13 Case B

20 A

Lines

(c) Sc#13 Case C

20 A

Lines

I 1 I 1

(d) Sc#13 Case D

20 A

Lines

(e) Sc#13 Case E

20 A

Lines

111}

1 I 1 1

(f) Sc#13 Case F

Lines

|

4:00

8:00

' 12:00
Hours

' 16:00

20:00

0.350

0.311

0.272

0.233

L |

0.194

Current [kA

0.156

-0.117

-0.078

-0.039

I

-0.000





media/file10.png
Daily Energy Generation of PVs (kW)

1 2 3 45 6 7 8 91011121314151617 18192021 222324
hours





media/file14.png
node
hour

z|z

1o| 10

11| 11

1z| 12

14| 14

15| 15

16| 16

17| 17

1s| 18

19| 19

zo|zo

z1|z1

zz| 22

23| 23

z4| 24

25| 25

9:00

12:00
13:00
14:00
15:00
16:00
17:00
18:00
19:00
20:00
21:00
22:00
23:00
0:00

10:00
11:00

Uncotrolled EV charging time slots

Optimal EV charging time slots






media/file11.jpg
Daily Energy Losses (W)

oo

'm‘ I h | ‘ n ‘ ““
12 3 4 s 6 7 8 s 1 om ;o B
Scenarios

P — 1ascenarion aseC  165conarios asef





media/file6.png
24 25
T23—0—24—0

21 22 23
29 ’—19—0—20—0—21—0

3 4 5
m1+2+3_l_ ~T—1o—.—11—.—12—q—1e—.—1 -
13

6—14—2—1 5—0

6—0—7—0—8—0—9—0





media/file15.jpg
R RRRRREE]

it g imrics






nav.xhtml


  wevj-15-00462


  
    		
      wevj-15-00462
    


  




  





media/file29.png





media/file16.png
node
hour

8‘8 9|9 1o|1o

11| 11

1z| 12

14| 14

15| 15

16| 16

17‘ 17

18| 18

19‘ 19

zo‘ 20

z1| 21

23|23

24| 24

25| 25

9:00
10:00
11:00
12:00
13:00
14:00
15:00
16:00
17.00
18:00
19:00
20:00
21:00
22:00
23:00

0:00

Uncotrolled EV charging time slots
Optimal EV charging time slots






media/file2.png
C smrT )
v

buses' voltage
magnitudes
by 14 scenarios

Read Data

where s is the 14 different
scenarios

v

sort voltage magnitudes
in ascending order

v

S=8+1 |«

create matrix "A" and
save these serial number

k=1, m=1
with k=1,...,26 and m=1,...1

geeey

where K is the lines and m

save the times fof

4 appearance of bus /

Y

the colums of matrix "A" (=1,...,26)
save bus j to yes
matnx IIBII
Y "o
export matrix "B" j« | |
| ignore bus i






media/file20.png
24 25 26
23—@—24—@
21
,—1 9—0—20—0—21—0
18
18 19
1—0—2—0—3—l— wbﬂ 0—0—1 1—0—1 2—,—1 c—0—170
16 17
5 15‘-1 +—0—15-@
J 8 9 10 1
a) 7 @0—6—@—7—@——0——0

24 25 26
23—@—24—@
20 21 22 23
2 §1—0—20-0—21-@
3 4 | 5 18 12 13 14 18 19
1—@—2—@—3 4 10-@—11-@—12—@-16—@—17-@
6 13 16
5

14—.—15—.

8 9
c) 71—s—0—7—0—s—0—9—0

@® Node with PV installation
@ Node without PV installation

24 25 26
T23—0—24—0
21
29 ,—19—0—20—0—21-0
3 4 | g 18 18 19
1—@—2—@—3 44 10—0—11-0—1 2—,—1 6—@—17-@

. ‘-1 4+1 5—.

b) 7 JL—G—.—T—.—S—.—Q—.
24 25 26
23—@—24—@
20 21 22 23
2  §1—0—20-0—21-0

1B 16

3 4 | 5 18 12 13 14 18 19

1—@—2—0—3 4 10-@—11-@—12—@-16—@—17-@
6|

14—.—15—.

8 9 11
d) 7 —.—7—.—8—.—9—.





media/file23.jpg
%TTWW %T?W?!!!!!!!!!!!!!!!!!
-
v,





media/file5.jpg
24 25 26

23— @248
20 21 2 B

» ,-1 —0—20-0—21-@

s 4 s s w18 1
——2—0—: —T—m—.—ﬂ—.—u—’—m—.—w—.

3 16 17
-1—8—1®
e s w0 n

7 7—0——0—9—.





media/file24.png
Voltage (kV)

Voltage (kV)

Voltage (kV)

0.233

0.231

0.229

0.227

0.225

0.223

0.221

0.233

0.231

0.229

0.227

0.225

0.223

0.221

0.233

0.231

0.229

0.227

0.225

0.223

0.221

0.233
0.231
? 0229
=
>
% 0.227
3
>
0.225
2 . 0.223
L ]
0.221
3456 7 8 91011121314151617181920212223242526
Nodes
(a)
0.233
0.231
? 0229
>
=
% 0.227
=
(=]
-
0.225
0.223
0.221
34567 8 910111213141