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Abstract

:

The energy system is changing due to a steady increase in electric vehicles on the demand side and local production (mostly through solar panels) on the production side. Both developments can put the energy grid under stress during certain timeframes, while there might be enough capacity on the grid most of the day. Smart charging of electric vehicles might be a solution to time dependent congestion. In this study, a smart charging strategy was developed and tested in large scale with 1000 public chargers, operated in the real word. We developed and tested protocols to temporarily limit the charger capacity based on the transformer data and the number of running sessions. Over 150,000 sessions were handled, of which almost half were influenced by the smart charging strategy applied. We found that we were able to keep within the grid limits by using these controls, without hindering the driver experience. Further improvements to the smart charging strategy can be made as soon as car manufacturers share information about the car battery such as the state of charge.
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1. Introduction


The world is at the eve of a revolutionary change in mobility. The number of people driving an electric vehicle (EV) is steadily increasing, with the Netherlands among the front runners in both the number of cars and the number of charge points [1,2].



This increase is expected to continue at an exponential pace due to a number of factors:




	(1)

	
EVs are cleaner, also with respect to CO2, and are more silent and cheaper to drive than petrol based cars.




	(2)

	
Batteries have continuously improved, evolving from cars with a 100 km range in 2014 to more than 400 km range in 2019.




	(3)

	
Governments are now issuing policies that promote EV usage [2]. For instance, the Dutch government has issued a policy that prohibits the sale of fossil fuel cars after 2030 [3].









Historically, the Dutch low voltage grid is laid out with plenty of capacity reserve, with current daily loads only using 20–30% of the maximum capacity. Typically, households have a three phase connection with 25 amperes per phase (3 × 25 A), which can deliver 17.3 kW. However, the grid is built for a maximum of a 4 kW per 3 × 25 A connection, with the average after diversity peak demand currently even lower, at about 0.8 kW [4]. At the current number of EVs and charge points, there are hardly any limitations in the charging infrastructure because EVs are limited in number and only increase the average peak demand between 1–2.8 kW [5]. This impact will change, since the number of cars and the capacity of car batteries will continue to increase. The increase in the amount of local electricity production through photovoltaic (PV) panels will add further stress on the grid. The grid issues we face arise from the characteristics of these new components that have been added: A modern EV has a capacity demand of 11 kW, which is more than 10 times as much as the after diversity peak demand of an average household [4]. Recent studies have predicted an increase in the total annual electricity demand of 23% when the current fleet is replaced by EVs. The peak load will then rise up to 43% [6]. On the production side, the average roof with PV in the Netherlands has a peak production rate of 4 to 5 kW. Aside from this large power, this electricity is produced primarily around midday, which is historically a period of low consumption for households. Solar production on a low voltage grid, but also on a mid-voltage grid, is expected to continue a steady growth [7]. In conclusion, because local production is increasing and takes place at a different times of the day and year than peak usage, and because peak usage will increase drastically due to EV charging, smart solutions are needed to bring balance to the system and to prevent overloads on cables and transformers. Smart EV charging can offer this balance. This paper presents insights from real-world data that are used to predict the near-future scenario and the practical implementations of smart charging.



This study offers a simulation of the impact on actual grid performance of two large groups of real public chargers that are virtually coupled to a real grid transformer. We demonstrate a smart charging solution that will continuously and in real time monitor the amount of charging in relation to the available capacity on the transformer. The system was developed to allow EV charging for the number of cars representative of the (near) future, within the grid limitations.




2. Materials and Methods


In the Netherlands, around 26% of chargers are public chargers, against the 74% of private or semi-private chargers at homes or businesses [8]. This ratio is reflective of the number of households with a private driveway compared to the number of households that do not have the requirements for a private charger. This means that public charging has and will continue to have a large impact on the grid. Whereas it is difficult to control charging activities behind a private meter, it is possible for charge point operators to take into account the grid limitations for their public sessions. Distribution system operators (DSOs) are therefore more and more interested in the impact on the grid at foreseen charger locations, and specifically on the transformers in a low voltage grid [9,10,11].



With respect to the placement of public chargers, local governments until recently followed demand (i.e., a charger was placed when EV drivers expressed their need of one). Recently, local policy has shifted and municipalities now tend to monitor the usage per charger and proactively add chargers to their population with a focus on an even distribution across the municipality [12]. Proactive analysis of the impact of large numbers of EV-chargers on the transformers in place will help DSOs to provide advice on the actual placement of chargers and to plan their investments. Thus, this will help to limit the costs of grid reinforcement, which are estimated to be up to €2.2 billion if smart charging is not applied [11].



ElaadNL, through its partner EVnetNL, has access to the charging information of over 1000 public chargers spread throughout the Netherlands. The AC charge stations, which are from a handful of different suppliers, are connected through 3 × 35 A connections (being part of the ElaadNL foundation, all EVnetNL chargers are smart charging ready and therefore have a larger connection than the standard 3 × 25 A connection) and all support the open communication protocol OCPP1.6. See Figure 1 for an overview of the geographic spread of the chargers and their appearance.



These chargers are representative of public chargers from other companies, with usage representing a combination of work-, visit-, and home-charging. The diversity in usage offers us a dynamic charging schema, with many changes in the number of sessions throughout each day. This makes this population of chargers a good testing ground for our study as it will help us prove that our developed smart charging protocol is capable of the continuous adjustment of charging sessions in response to changes in available capacity. The chargers are used by EV drivers with different types of contracts and the drivers were not informed of the study carried out at the EVnetNL chargers.



We selected two neighborhoods in the Netherlands based on the following selection criteria:




	
A relative high number of cars per inhabitant;



	
A representative amount of local PV production; and



	
Full-electric households.








Through the combination of high energy demand for domestic usage and expected EV charging and high production through PV panels on the same grid, a smart charging solution is likely to be beneficial for preventing costly grid reinforcements in neighborhoods that fit these criteria. After selecting neighborhoods in Ede and Arnhem, we virtually relocated the EVnetNL chargers to these neighborhoods, keeping the number of households connected to the local transformer as a guideline for the number of virtual chargers placed (Figure 2). We used the transformer data of the neighborhood as the input for the charging sessions. The choice for transformer data was made based on the knowledge that real-time transformer data are likely to become widely accessible in the near future [12,13], as opposed to cable measurements (which are not available) or smart meter readings (which are incomplete due to privacy regulations).



This Dutch pilot, part of the Horizon 2020 project INVADE, takes into account all national and international regulations, but also makes use of open standard communication protocols like Open Charge Point Protocol (OCPP) and Open Smart Charging Protocol (OSCP), for which we developed a new version in order to send and receive profiles to and from the aggregator.



The experiments in this paper were the test case to prove the value of our OSCP additions, which were shown to be a useful addition to the protocol and can be utilized easily.



Major achievements and results for this Dutch study were realized in software development, incorporating all stakeholders. The following software building blocks have been created:




	
Distribution System Operator (DSO): Prediction of electricity grid usage on the district level (system approach)



	
Charge Point Operator (CPO): Controlling charge transactions on the grid connection level



	
Optimizer: INVADE platform energy management on the district level (system approach).








Exchange of information between the roles stated above runs via the standard open source protocols OSCP and OCPP. In this study, we developed additions to OSCP (named OCMP during the project) in order to run our smart charging strategy. These additions will be released to the new version of OSCP (OSCP 2.0).



A schematic overview of the communication protocols used is given in Figure 3, with a more detailed insight into the control loops shown in Figure 4.



The triggers for recalculating the charging speed are either the update of the capacity limit (every 15 min) or the start or end of a charging session. The actions following a trigger are:




	
calculation of the new charging speed (based on the capacity limit and the number of running sessions);



	
check if the new charging speed is different from the previous charging speed;



	
check if the proposed new charging speed is within acceptable limits; and



	
send new charging profiles to all sessions (all sessions are limited or increased in charging speed equally),








It must be noted that although delivered energy (in kWh) is the final goal of charging, the amount of kWh flowing into an EV cannot be controlled effectively for groups of chargers by the CPO since it is dependent on car characteristics. This is the reason why our protocol uses amperage as steering input for smart charging.



For both groups of chargers (=neighborhoods), we specified the capacity limits based on the maximum available capacity on the transformer in that neighborhood. Ideally, we would use live measurements for this, but in the absence of such measurements, we calculated the available capacity as follows: we multiplied the number of households connected to the transformer with historical usage profiles for energy consumption, available at 15 min intervals. The total amount of energy consumed determines the non-flexible load profile for the transformer. The following graphs, Figure 5 and Figure 6, show the profiles for the resulting available capacity, on a yearly and hourly basis, respectively. These graphs are shown for only one of the transformers. The transformer load for any neighborhood is highest in the early evening in winter. Differences in the number of households connected have resulted in unique capacity profiles for both neighborhoods (Table 1).



As the charge points are not physically connected to the transformers, the actual available capacity for charging is only influenced by existing domestic usage and PV production. The system tested in this pilot responds to triggers as above-mentioned. The protocols used offer possibilities of adding extra decision rules, for instance, based on the price or capture of durable energy. These types of adjustments have not been included in this study.



In our smart charging algorithm, all charge points are treated equally. That is to say, once an adjusted profile is sent out, it is used for all active sessions. We identified a session as impacted by our control algorithms when the charging speed was lower than 20 ampere at any stage during the session. We deliberately chose to never allow charging below 13 A. This boundary was chosen to avoid the charging sessions losing connection with the charge point operator (some cars go into irreversible “sleep” mode when not charged or charged at too low an amperage). We estimated that this was also a safe boundary to allow enough charging on the connections to avoid dissatisfied customers. This was important as we carried out our experiments on public charge points that were already in use before our smart charging protocol was applied, without the means to communicate our experiment to all of the drivers using them.



Our main hypothesis is that smart charging within the limitations we used in this set-up will result in transformer loads that comply with the capacity restrictions.



The second hypothesis is that EV drivers will not experience any significant difference in charged energy when smart charging is applied following the controls described.




3. Results


We charged over 150,000 sessions between January 2019 and November 2019, all of which were operated through the smart charging setup described above. Of these sessions, more than 79,000 were impacted by our control algorithm to charging speeds below 20 A at least once during the charging process. The spread of the impacted and non-impacted sessions can be seen in Figure 7.



As shown in Figure 4, the DSO limits were lower in winter. This is due to the higher energy demand by all end users and is a permanent phenomenon in electricity usage profiles. This higher demand causes a smaller bandwidth in the flexibility capacity profile, which is why in winter, a larger share of charging sessions was impacted when compared to the summer period. To be more specific, in February, 77% of charging sessions were affected by the control algorithm when compared to 23% in July.



We looked a bit further into the 150,000 sessions to determine the impact of our algorithms on charging with respect to the amount of energy charged. As mentioned earlier, we treated all sessions equally and did not take into account the car characteristics in our decisions. In theory, the reduced charging rate can lead to more vehicles being cut off before they are fully charged, compared to the standard situation. In a cut off, the charging session is not finished when the connection to the charger is ended. Figure 8 shows the analysis results in this respect. Contrary to our expectations, the impacted sessions were cut off slightly less than the sessions that were not impacted by the rate limits; 44% vs. 49%, respectively. One explanation for this observation is that the connection times of the sessions that were impacted were 40.2 min longer on average (because a large portion of the impacted sessions started in the early evening and stayed connected all through the night). It is also possible that the impacted sessions arrived at a higher state of charge on average, but we do not have data available from the car to verify this possible explanation.



When looking in more detail at a group of sessions with a large percentage of cut-offs, as shown in Figure 9, the impacted sessions charged more kWh. A difference was visible in the non-cut-off sessions, shown on the left, but also present in the cut-off sessions. This was the opposite of our expectation, which was that the cut-off sessions within the impacted group would have charged lower amounts of kWh. This shows that for this population, the group that was smart charged did not experience any effect of the smart charging with respect to the kWh they could charge. To understand why the impacted group could charge as much as they did, we need more detailed information about the vehicles, which we currently do not have access to.



An analysis of the distribution of charging start times throughout the day, compared to the total connection time of each session (Figure 10), provides valuable information on the likely impact of our smart charging algorithm per starting hour of the session. As can be expected, sessions that start in the early evening generally stay connected all through the night. We also know from Figure 5 that energy consumption is highest around these hours. This means that sessions that start in the early evening are more often impacted by our smart charging regime, but are less likely to experience any effect on the total charged energy because of their long connection time compared to other impacted sessions.



To check the hypothesis that the sessions did not experience any negative effects from our algorithms because they were connected long enough, we looked into the specifics of the sessions that represented the largest portion of our data, namely the sessions that started in the early evening. The following two figures show the impact of limiting the charging speed for those sessions in more detail. When looking into the connection duration compared to the charging duration, as shown in Figure 11, the average connection time of both impacted and non-impacted sessions was almost similar, but the charging time logically differed. Based on the overlap in the averages for connection and charging time, there appears to be a group of early evening sessions that leaves relatively soon and is likely to experience a cut-off during the session. To assess the way in which the DSO profiles impact these drivers, we need to know what percentage of early evening sessions is cut-off and how much energy these sessions received.



Figure 12 shows the amount of energy charged in the cut-off sessions from Figure 11, in other words, the sessions in which the connection time equaled the charging time. The cut-off sessions are shown for both the impacted and non-impacted sessions. The amount of energy charged in the cut-off sessions that were impacted by smart charging was slightly higher than in the non-impacted cut-off sessions. The most likely explanation is that, similar to what was found in Figure 8, the sessions were not similar with respect to the starting conditions and parking duration, with the cut-off impacted sessions having more favorable conditions with respect to the amount of energy they could charge than the non-impacted cut-offs. That we found this result with this large number of sessions (almost 15,000 sessions in this timeframe) was unexpected, but shows that smart charging does not necessarily cause different charging outcomes with respect to delivered energy, even in cut-off sessions. However, with the current system, working with the information available at present, we cannot divide sessions into groups with special strategies to distribute the energy equally amongst the cars.



As stated in paragraph 2, we chose an experimental set-up where we did not allow charging speeds below 13 A. Within this limitation and given the number of chargers we introduced per transformer, we obtained proof that we could control the charging effectively. However, as Figure 13 shows, the lower limit of the sessions was not low enough to prevent transformer overload in the winter months. In these situations, our sequence of actions, as described in paragraph 2, resulted in an overrule situation for the calculated charging speed below 13 A, setting it at 13 A instead.



Since our set-up was virtual, no actual damage to the transformer occurred in the periods of transformer overload. However, it is clear that seasonal effects can be of influence to EV charging and this should be taken into account in smart charging strategies.




4. Discussion


We have developed a system that can control a large number of charging sessions to respond to real time grid limitations. Using standard controls, operated for all active sessions simultaneously, we monitored over 150,000 sessions and successfully sent out adjusted charging profiles to 52% of these sessions, limiting the charging to below 20 A (but not lower than 13 A). Additionally, we found that in the other 48% of the sessions, we could charge the electric vehicles at higher power than is normally available throughout the entire charging period, without any negative impact on the grid. The fact that we could do this is due to our connections being 3 × 35 A instead of the regular 3 × 25 A. We have not found a significant effect on the kWh charged between sessions that were and were not impacted. With these results, both our hypotheses have been proven: Our protocol (within the limitations we used) allows for the efficient charging of large numbers of EVs within the capacity restrictions of the transformer the chargers are (virtually) connected to. This could be done without any significant difference in the charged energy between groups of EVs that did and did not have smart charging rules applied to their session.



During our project, we found indications that the sessions that were impacted by smart charging might have been sessions that were connected for longer than average. The impacted sessions also seem to have charged more kWh than the average, even though they were restrained by our protocol. Due to these characteristics, the impact of the smart charging algorithms on driver experience with respect to how much kWh they received was reduced, which is positive. However, since it was not under our control, we cannot claim this as our success.



Since our pilot results are positive, we will further develop our protocol adaptions to a new release of OSCP (OSCP 2.0).



If we could obtain more information per charging session to use as input for the charging, this could be used to further optimize smart charging in connected groups of chargers such as our pilot group. The most useful data for this improvement would be arrival state of charge and total battery capacity. The same data could also be used to identify possible outliers in the sessions that take place in situations with severe grid limitations (mostly early evenings in winter months). If we could take into account the expected energy needs per vehicle, smart charging could be improved without the need to add user input. We therefore invite car manufacturers to supply these data through the protocols already in place between the vehicle and charger, so that other parties can use it in their decisions.
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Figure 1. Overview of (a) the actual geographic distribution of the chargers used and (b) some photos of the hardware. 
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Figure 2. Layout of the neighborhoods used in the pilot, visualizing the number of chargers virtually placed there. 
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Figure 3. Schematic routing of the communication involved in steering charge points to the combination of distribution system operator (DSO) and commercial profiles. All communication takes place through open protocols. 
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Figure 4. Schematic overview of the control algorithms in the Open Smart Charging Protocol OSCP, resulting in steering messages in Open Charger Point Protocol OCPP going to the charging station (CS) and metering results being fed back to the DSO. 
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Figure 5. Flexible loads for electricity throughout the year, used as input for the charging sessions in the Ede neighborhood. The area below the plot is the available capacity on the grid. The profile shows that there is more available capacity on the transformer in summer. 
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Figure 6. Flexible load per day of the week. A clear daily usage profile occurs with the evening peak causing the biggest load on the transformer, resulting in minimal amounts of available capacity on the transformer. The profile is shown here for a week in January, where electricity usage is at its highest. The load follows the same basic shape in summer, but the minimum available load is higher in summer. 
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Figure 7. Total number of charging sessions per month, divided in non-impacted and impacted sessions. 
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Figure 8. Comparison of cut-offs in the two groups of sessions: non-impacted and impacted. Both groups have cut-off sessions. The non-impacted sessions have slightly more cut-offs than the sessions that were smart charged. 
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Figure 9. The amount of energy charged across all sessions that started between 12:00 and 13:00 h. 
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Figure 10. Number of sessions (left y-axis) and session duration (right y-axis) per starting hour. 
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Figure 11. Connection times versus charging times for all sessions started in the early evening (18:00–19:00 h). Horizontal lines in the box plots are the averages, column shows the first standard deviation. 
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Figure 12. Cut-off sessions within the group of sessions that started in the early evening (18:00–19:00 h). 
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Figure 13. Hours per month in which the granted capacity exceeded the transformer limits. Please note that no data for November and December had been collected at the time of writing. 
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Table 1. Sociodemographic characteristics of the two neighborhoods used as input for the calculated capacity profiles and distribution of the charge points.
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	Ede
	Arnhem





	Household connections
	490
	305



	Energy consumption/year (measured)
	3.14 GWh
	1.16 GWh



	Actual amount of cars
	349
	217



	Virtual charging stations
	364
	322











© 2020 by the authors. 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 (http://creativecommons.org/licenses/by/4.0/).
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