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H I G H L I G H T S  

• The charging powers of the current electric vehicle fleet are analyzed. 
• Almost 80% of the electric vehicles support only around 4 kW charging powers. 
• The development of the electric vehicle fleet during 2020–2040 is modelled. 
• The energy requirement in commercial locations is predicted to increase by 134%. 
• The peak of the normalized power is predicted to increase by 77%.  

A R T I C L E  I N F O   

Keywords: 
Charging powers 
Data analysis 
Electric vehicles 
Parking policy 

A B S T R A C T   

Electric vehicle (EV) charging is widely studied in the scientific literature. However, there seems to be a notable 
research gap regarding the charging power limitations of the on-board chargers of the EVs. In this paper, the 
present state of the maximum charging powers of the on-board chargers is thoroughly analysed using data from 
two commercial charging sites. Furthermore, the results of the analysis are used along with an EV fleet devel-
opment model to form realistic future scenarios, which are then used for a simulation model that couples the 
charging sessions with measured charging profiles. The results of the simulations show that, due to the evolution 
of the EV fleet, the average energy consumption in commercial locations will increase by 134% on average from 
5.6 to 8.7 kWh/EV to 13.0–19.6 kWh/EV during 2020–2040. Similarly, the peak of the normalized power in-
creases by 77% on average from 1.1 to 1.4 kW/EV to 1.6–2.9 kW/EV. These values are essential to guide long- 
term decisions such as optimal sizing of charging infrastructure and parking policies.   

1. Introduction 

Electric vehicles (EVs) are seen as a major establisher of environ-
mentally friendlier mobility, both globally and in Finland. Previous 
studies show that charging infrastructure is one of the concerns hin-
dering users from investing in electric vehicles [1,2]. Although the shift 
towards electric vehicles does not create a large increase in total energy 
demand, the effects in low voltage networks are major as they are not 
designed to work with large and sudden power peaks caused by vehicle 
charging. This may cause problems within the low-voltage networks 
feeding large parking areas, and therefore, electric vehicle parking 

should be considered when organizing the parking in general. 
Parking policy can be used to guide where and when cars are parked 

and, consequently, where and when electric cars are charged. Limita-
tions in a building’s electrical systems and parking availability may lead 
to a lack of charging points, thus creating barriers to the uptake of EVs 
[3]. Therefore, the development of EV charging infrastructure should be 
aligned with the parking policy. Several studies have investigated how 
charging infrastructure affects the uptake of EVs, but there is a clear 
research gap in the alignment of parking policy and the development of 
EV charging infrastructures. Many cities have set strategies to increase 
the number of EV charging points, but there is a lack of knowledge about 
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how the charging powers of the EVs will evolve, how this will affect the 
development of charging sites, and how this should be taken into ac-
count in parking policy. 

Over the past few years, the modelling of the EV charging load has 
improved significantly. Accurate prediction of the electric vehicle load is 
of great importance for the optimal dispatching and safe operation of the 
power grid [4]. Several studies have recently contributed to analysing or 
predicting the EV charging loads in terms of energy (kWh) and charging 
time. However, according to the authors’ knowledge, there are two 
notable research gaps:  

• the charging peak powers of individual EVs are not analysed, and  
• the development of the EV fleet in terms of the supported charging 

powers is not examined to further increase the prediction accuracy of 
the future charging loads. 

In a commercial charging station, charging powers of up to 22 kW 
(charging mode 3, IEC 61851) are typical in Europe. However, in such 
locations, to accurately predict or model the charging load, it is 
important to consider the limits of the EVs’ on-board chargers (OBC). 
This is due to the fact that accounting for only the nominal powers of the 
charging stations does not reflect the real charging behaviour, since 
most EVs cannot use the full 22 kW capacity. At present, a relatively 
small percentage of EVs support such charging powers. Therefore, 
without considering the limits of the individual EVs, the modelled 
charging load is likely to be significantly inaccurate. 

1.1. Literature review 

The most common solution for modelling the EV charging loads is 
based on travelling traditional passenger vehicles [5], e.g. using travel 
surveys, as in [6–12]. In [5], the effectiveness of travel surveys to model 
EV charging demand is evaluated by comparing the modelling results 
with the measurements obtained from several EV field tests. The study 
states that travel surveys can be used to model EV charging loads with 
reasonable accuracy. However, the sensitivity analysis highlights the 
importance of accurately modelling input parameters, such as charging 
power. Furthermore, the fact that OBCs of the EVs may constitute the 
actual bottleneck in the charging process is acknowledged but not 
analysed. 

In [6], the EV charging simulations are conducted while considering 
people’s demographics and social attributes. According to the results, 
the attributes have a considerable effect on the magnitude and peak time 
of the charging load. The study [9] uses an artificial neural network to 
improve the forecasting accuracy of EV travel behaviour. The results 
show that an aggregator’s financial losses could be reduced compared to 
conventional forecasting methods. In [11], a mixed-integer linear pro-
gramming model for decisions is proposed to control EV charging and 
the use of an energy storage system. The results show that the opera-
tional costs of a charging hub microgrid can be significantly reduced. 
The study [12] establishes a spatial–temporal distribution model to 
assess charging loads. Monte Carlo simulation is used to show that the 
charging loads vary notably between different charging sites. 

Previously mentioned approaches based on travel surveys, such as 
[6,7,9,11,12], often tend to overlook the impacts of charging powers. In 
[10], two scenarios with different charging powers are compared. The 
main conclusions of the effects of increased charger powers are that the 
charging demand peak will occur 1–2 h earlier, and the number of 
simultaneous charging sessions decreases in the scenario with higher 
charging powers. In [8], three charging powers (3.7 kW, 6.9 kW and 22 
kW) are considered. From the charging power perspective, the study 
concludes that higher charging power results in higher variability in the 
charging load and requires smaller time resolution to accurately eval-
uate the load peaks. 

Real EV charging data are used in, e.g. [4,13–16]. In [4], state of 
charge (SOC) curves of different types of EVs are analysed to evaluate 

charging prediction models. In [13] and [14], datasets of 1.5 M and 2.6 
M charging sessions, respectively, are used to thoroughly analyse 
arrival, sojourn and idle times. In [15], the driving profile is based on 
real data of EVs including SOC, ambient temperature, driving distance 
and charging time. In [16], the data of 55 electric taxis, including 
accumulated range, velocity and position of the vehicle and SOC, are 
used to analyse and predict energy consumption. In real EV data–based 
solutions that have the information of plug-in time and charging energy, 
e.g. [13,15], the data can be used to calculate the average charging 
power. However, the charging peak powers of the EVs are not assessed in 
these studies. 

Additionally, as the technology evolves, it is reasonable to assume 
that more EVs adopt more powerful OBCs, which naturally impacts the 
EVs’ charging loads. Forecasting the number of EVs in the future is 
discussed in [7,17], and different EV penetrations are considered in 
[8,18]. In [7], the future demand of EVs from 2020 to 2050 is investi-
gated by using country-specific projections of the EV fleet development 
while assuming separate shares for battery electric vehicles (BEVs) and 
plug-in hybrid electric vehicles (PHEVs). In [17], the number of EV 
adopters is based on the potential market size, the coefficient of inno-
vation (influenced by external factors, such as monetary subsidy, non- 
monetary policies, oil price, charging infrastructure and industry 
maturity) and the coefficient of imitation (reflecting the impacts of 
previous adopters). However, none of the previously mentioned studies 
considers the development of the OBCs of the EVs in terms of maximum 
supported charging powers. 

In simulations, it is also common to model linear charging profiles, i. 
e. assume that EVs can be charged with a fixed power over the whole 
charging session as in [6–10,12,13,18,19]. Study [17] simply assumes 
that the power decreases linearly after the SOC reaches 85% in charging 
sessions with a charging power of over 20 kW. In reality, there are 
several factors, such as a nearly-fully charged battery or high battery 
temperature, that can cause the OBC to limit the charging current [20]. 
In this paper, the non-linear charging profile refers to a situation where 
the charging current decreases as the battery is becoming fully charged. 
In [21], it is shown that the real daily charging load considering non- 
linear profiles can deviate up to 34.2% from the case that assumes 
that EVs can utilize constant maximum power. This emphasizes the need 
to consider realistic charging profiles. 

Since the EV charging infrastructure is located in parking spaces, the 
development of charging infrastructure and parking policy are inter-
twined. The challenges of building charging infrastructure can hinder 
the uptake of EVs [3]. Many cities have recognized the importance of 
building charging infrastructure and have made requirements for new 
buildings to have charging points installed or at least to have readiness 
for charging points so that they can be installed afterwards. In Finland, 
there is a new law that regulates the number of charging points in new 
buildings and buildings undergoing major renovations [22]. 

However, these charging infrastructure requirements consider only 
the number of charging points. So far, there has been little discussion 
about the development of charging power limitations of the EVs’ OBCs 
and how this will affect the low-voltage network and the cost-efficient 
ways of building charging infrastructures. Additionally, it is important 
to study how this should be taken into account in parking policy. 

1.2. Contributions and structure 

Based on the research gaps identified in the literature review, four 
research questions were formed. The contribution of the paper is to 
address these questions and provide useful perspectives and numeric 
results to further improve future studies relating to EV charging. Addi-
tionally, the results can be used by policymakers to enhance the sus-
tainability of private-sector transportation from the charging solution 
point of view. The research questions are as follows: 
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1. What is the influence of different charging powers on the charging sessions 
at commercial charging sites? To address this question, we thoroughly 
analyse charging session data from the charging power perspective 
(Section 2.1).  

2. How does the EV fleet develop in terms of supported charging powers 
(charging mode 3, IEC 61851)? To answer this, a car fleet develop-
ment model is utilized along with the gathered information of 
existing EV models to estimate the development until 2040 (Section 
2.2).  

3. What are the impacts of the development of the EV fleet in commercial 
charging sites in terms of charging energy and peak loading? To answer 
this question, different simulation cases and scenarios are formed 
based on the analysis of the charging characteristics and the EV fleet 
(Section 3). In this study, to model the charging loads, a simulation 
model that considers non-linear charging profiles is used. In the 
simulation model, preliminary laboratory measurements of four 
commercial EVs are used to determine the correlation between the 
charging power and the SOC of the battery. Therefore, the model 
produces realistic non-linear charging profiles where the charging 
power decreases before the battery becomes fully charged. After the 
simulations, the results are analysed (Section 4).  

4. How should the development of the charging energy and peak loads be 
taken into account in parking policy? To address this question, we 
discuss how our findings in relation to the development of the 
charging energy and peak loads should be considered while making 
long-term decisions related to charging infrastructure and parking 
(Section 5). 

The paper is finalized in Section 6 by stating the main conclusions 
and key findings. In this section, the research questions are briefly 
addressed separately. 

2. Data analysis 

This section describes the data used in the analysis and presents key 
findings. The analysis is done separately for the EV charging data and 
the development of the EV fleet in the following subsections. The 
analysis focuses on commercial charging sites in the Finnish capital 
region. 

2.1. Charging data 

The charging analysis uses real data measured at the Mall of Tripla 
and the shopping centre REDI, which are both located in Helsinki, 
Finland. There are nearly 300 [23] and 200 [24] charging points at 
Tripla and REDI, respectively. In both locations, the charging points 
provide three-phase charging up to 22 kW. Additionally, the parking 
areas in both locations are warm, which reduces the need to use the 
charging energy to warm up the EV or the battery of the EV. Thus, the 
charging energy can be used mostly for charging the EV batteries. The 
data consist of charging sessions recorded over a 6-month period (10/ 
2019–3/2020). However, there seem to be notably fewer charging ses-
sions recorded during March 2020 compared to previous months, 
assumably due to COVID-19. This is also assumed to have impacted 
parking and charging behaviours and, therefore, the data for March 
2020 are excluded. Since the EV penetration increases exponentially, a 
subset of data (including 3518 sessions from Tripla and 5107 sessions 
from REDI) measured between 1.11.2019 and 29.2.2020 is selected to 
represent the average charging behaviour at the beginning of 2020. The 
charging sessions are uncontrolled, and thus, the charging powers are 
only limited by the OBCs of the EVs or by the charging point (22 kW). 
The data include plug-in time, connection time, active charging time, 
energy consumption and peak power of each charging session. 

The data show that most of the charging sessions have a peak 
charging power of around 4 kW. Two other clear clusters are also seen: 
~7.5 and ~ 11 kW. These are expected, as the charging powers of 

commercial EVs in charging mode 3 (IEC 61851) often tend to be 3.7 kW 
(equalling a single phase 16 A at 230 V), 7.4 kW (1 × 32 A), or 11.0 kW 
(3 × 16 A). New models are also likely to support 22 kW (3 × 32 A) 
charging. However, the share of these models is currently marginal. The 
share of charging sessions with maximum a power of 0–4.5 kW is 79.4%, 
4.5–10 kW is 8.1%, 10–15 kW is 9.0%, and 15–25 kW is 3.5%. The 
distribution of the charging peak powers is shown in Fig. 1. 

In Fig. 1, it can be seen that some EVs actually charge with a power 
greater than 22 kW. This can be explained by the natural variation in 
voltage levels, which affects the exact charging power. Furthermore, as 
observed in [25], EV charging currents may slightly exceed the limits set 
by the charging point. 

In the analysis, the charging behaviour is separated into weekdays 
and weekends for both charging sites, resulting in four different cases. It 
is assumed that in each case, the probability distribution of the arrival 
and parking times remain the same when the EV penetration increases. 
Furthermore, it is assumed that seasons do not substantially impact the 
sojourn and idle time, as stated in [13]. In this paper, idle time refers to 
the time that an EV is connected to a charging point, but the charging 
process is stopped due to a fully charged battery. The data show a cor-
relation between arrival time and parking duration. For example, on a 
weekday at REDI, there is a noticeable peak in the arrival times in the 
morning around 8:00; most importantly, a notable share of these EVs 
stay 8–10 h. It is likely that these EVs are used for commuting. Park & 
Ride, which is available at REDI on weekdays between 06:30 and 17:30 
[24], is a parking facility with public transport connections, allowing 
commuters to leave their cars outside the city centre and continue their 
journey via public transport. REDI is located next to Kalasatama metro 
station, which offers connection to Helsinki city centre. The average 
number of EVs arriving each hour is presented in Fig. 2 for the case of a 
weekday at REDI. In the figure, the colour indicates the category of the 
stay duration, where the unit for the durations is a minute. For example, 
on average, 7.0 EVs arrive during 8–9 h, and 2.7 of them stay 480–600 
min. 

Fig. 1. Distribution of charging peak powers.  

Fig. 2. Average number of EVs arriving each hour, where the colours indicate 
the categories for the stay durations (min) on a typical weekday at REDI. 
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According to the data, a clear correlation exists between the charging 
peak power and the charging energy of the session. The charging ses-
sions with low charging powers tend to charge less than 10 kWh, 
whereas a large share of charging sessions with high charging powers 
charge over 15 kWh. This can be seen in Fig. 3, which presents the 
average number of EVs with certain charging powers during weekdays 
at REDI. In the figure, the colour indicates the category of the amount of 
charged energy, where the unit for the energy is a kWh. The arrival 
hours with plug-in durations and charging powers with charging en-
ergies for other cases are presented in Figs. A.1 and A.2 in the Appendix. 

In Fig. 4, the distribution of parking times over charging peak powers 
of both charging sites is illustrated. In the figure, only the charging 
sessions with fewer than 5 h of parking time are included to better 
represent the behaviour of the customers at the shopping centres instead 
of work charging behaviour. The figure shows that the charging power 
does not seem to correlate with the stay duration. The study in [14] 
supports this claim by concluding that the parking time at charging 
stations (up to 11 kW) are mostly aligned with the parking behaviour 
and preferences instead of the energy requirement. 

According to the data, EVs rarely become fully charged, as the 
parking time and supported charging power act as bottlenecks. This is 
also true even for the charging sessions that utilize charging powers of 
11–22 kW. Therefore, when the share of EV models that support higher 
charging powers (charging mode 3, IEC-61851) increases, the charging 
energy will also increase in these kinds of locations. In Fig. 5, the dis-
tribution of idle time is presented for both charging sites. Again, only the 
charging sessions with parking times below 5 h are included. It can be 
seen that 68.0–84.7% (average 77.4%) of the charging sessions with a 
plug-in time of fewer than 5 h have idle time of less than 5 min, and 
fewer than 8.2% have an idle time of 1 h or more. Most importantly, 
higher charging power does not seem to increase the idle time. The study 
in [12] is aligned with the results by stating that fulfilling the charging 
demand at commercial locations, such as shopping centres, often re-
quires a higher charging power compared with home and work 
charging. 

Fig. 3. Average number of EVs with certain charging powers, where the colours 
indicate the categories for the amount of charged energy (kWh) on a typical 
weekday at REDI. 

Fig. 4. Distribution of parking time (min) over charging peak powers.  

Fig. 5. Distribution of idle time (min) for charging peak powers.  

Fig. 6. Block diagram of the EV fleet model to forecast the number of PHEVs 
and BEVs in 2040. 
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In other types of locations such as the home or workplace, long 
parking time enables EVs to be fully charged with a moderate charging 
power. In those cases, a higher charging power will lead to increased 
flexibility, as the charging can be scheduled more freely from the EV 
user perspective. 

2.2. Development of EV fleet in Finnish Capital Region 

To estimate the number of EVs in the Finnish Capital Region during 
the next 20 years, the baseline scenario results of a prior developed 
Finnish car fleet model were used. The results of the EV fleet analysis are 
limited to BEVs and PHEVs located in 4 cities (Helsinki, Espoo, Vantaa 
and Kauniainen) forming the Finnish Capital region, so that it would 
respect the expected catchment areas of Tripla and REDI. The model 
provides both the current car fleet as well as the estimated yearly car 
fleet development to the year 2040. The model uses disaggregate single- 
vehicle data from the Finnish vehicle register and combines it with the 
socio-demographic data of the vehicle owner to calculate the average 
speed of car renewal within different user and area groups. The average 
age of cars and EV-acquisition probabilities differ between user and area 
groups, and they are based on a statistical analysis of car fleet history 
and survey results regarding EV adoption [26,27]. 

In Fig. 6, an outline of the car fleet model is presented. As the starting 
dataset, open data from the Finnish car fleet [28] were used. In addition 
to the open data fields, the dataset in this study obtained additional 
fields containing basic information about the registered users of cars. 
The additional fields were the gender of the registered user (male/fe-
male/na), the area the car is registered to (first three digits of the Finnish 
postal code), year of birth of the registered user (yyyy), age of the 
registered user, and the datetime-stamp of last inspection of the car, 
when the mileage of the car was last recorded. 

However, not all fields of the open data were needed. The car 
introduction dates were used to track the age of the cars and technical 
details were used to see the propulsion type of each car. The postal code 
was used to categorise the cars in within different area types (according 
to urban–rural classification by Finnish Environment Institute) and the 
municipality code was used to track the population development. The 
area type, age groups (18–24, 25–34, 35–44, 45–54, 55–64, 65–74, over 
75), and gender information were used to form categories of every 
combination of age, gender and area type. This categorisation was 
chosen as the urban–rural classification is widely used in Finland to 
reflect differences between areas at the level of a regional structure. Age 
and gender groups were defined as such because those have been widely 
used in other research (for example Finnish research and surveys 
regarding future car use), but they are still wide enough to have large 
sample size for each category. 

The average age of the cars was calculated for each category to 
produce the end-of-life (EOL) date for every car in that category. Even 
though this method loses some of the details of a single car, it allows 
large scale modelling, where only the total composition of the fleet is 
forecasted. It also takes into account that the average age of cars in 
Finland varies largely between different areas [29]. The EOL was 
calculated based on the averages as the data only had a snapshot of 
Finnish car fleet (for 31st of July 2018), and therefore it did not allow to 
have more specific calculation method. In the study, it is assumed that 
the average age of the cars in every category is stable to the end of the 
simulation. When a car exits the fleet on EOL-day, a replacement enters 
into the fleet on EOL + 1 day, so there is no overlap or gaps between 
generations. Whenever a car exits the fleet, it can no longer re-enter. 

After defining the EOL of every car, an estimation was made on how 
the probability to obtain a non-EV, a BEV, or a PHEV changes over time 
in the future. The yearly probabilities are estimated based on the Finnish 
national forecasts [30] so that the yearly number of new cars with 
certain propulsion (non-EV, PHEV, BEV) follows the estimated path. If a 
car has an EOL estimate before 2040, a new replacement at the EOL 
point is generated as many times as needed so that the new replacement 

exists at the year 2040. As the model memorizes each car, the number of 
PHEVs and BEVs in use in any given year during 2020–2040 can be 
obtained. 

In the car fleet model, it was assumed that the ratio between the 
population and cars stays stable. To consider the change in the popu-
lation, the Finnish population forecast [31] was used to calculate yearly 
changes of population in every municipality to correct the car amounts 
to respect the forecasted population development. Finally, the results 
were limited to BEVs and PHEVs for the desired area to know the annual 
number of EVs. 

In Fig. 7, the average car fleet renewal speed in the Finnish Capital 
Region is presented. The number of cars used in 2020 is assumed as 
iteration zero, and the figure depicts how large a share of the car fleet 
has been upgraded to a newer model at any given year. 

According to the car fleet model, the total number of EVs in the 
Finnish Capital region will increase from 7,972 to 72,712 by 2030 and to 
173,319 by 2040. In this paper, we assume that the average number of 
charging sessions at REDI and Tripla will increase in the same 
proportion. 

For the current car fleet, where specific car models are known, the EV 
Database [32] is used to gather information about the charging power 
and technology in existing EV models. This information was used to 
classify every existing EV in the area based on its maximum charging 

Fig. 7. Model estimated renewal speed of the car fleet in the Finnish Capital 
Region, where the colours represent the number of times the car owners have 
replaced their cars since 2020. 

Table 1 
Supported charging powers of new EVs.  

Charging powers 3.7 kW 7.4 kW 11.0 kW 22.1 kW 

Scenario 1 PHEVs 70% 30% – – 
BEVs – 50% 25% 25% 

Scenario 2 PHEVs 70% 30% – – 
BEVs – 40% 30% 30% 

Scenario 3 PHEVs 70% 30% – – 
BEVs – 20% 40% 40%  

Fig. 8. Development of the EVs according to Scenario 2.  
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power, which was either 3.7, 7.4, 11.0 or 22.1 kW. 
For new PHEVs, it is assumed that 70% will have an OBC with a 

maximum power of 3.7 kW and 30% with a 7.4 kW max. The BEVs are 
assumed to be 7.4 kW, 11.0 kW or 22.1 kW. The exact shares will depend 
on the scenario. Three different scenarios are studied to assess uncer-
tainty regarding the charging powers of new EVs. The distribution of the 
charging powers of new EVs for each scenario is shown in Table 1, and 
the number of EVs with certain charging powers for Scenario 2 are 
shown in Fig. 8. 

Due to the relatively slow renewal speed of the car fleet, the share of 
EVs that support only 3.7 kW seems to be dominant for the next 5–10 
years. After that, the share of the higher charging powers takes over. In 
Scenario 2, the share of EVs that support 3.7 kW is 12.9%, 7.4 kW is 
38.2%, 11.0 kW is 24.5%, and 22.1 kW is 24.5% in 2040. 

3. Modelling power demand 

This section describes the generation of the simulation cases and the 
used simulation model that generates the power consumption profiles 
for all EVs. Both the cases and the model are described in separate 
subsections. 

3.1. Simulation cases 

By combining the development of the EV fleet and the average 
number of charging sessions in each case (REDI/Tripla and weekday/ 
weekend), the number of charging sessions can be estimated for the 
following years. In this paper, the charging load for 2020, 2025, 2030, 
2035, and 2040 are studied. As mentioned earlier, it is assumed that the 
average daily number of charging sessions in REDI and Tripla increases 
by the same proportion as the total number of EVs in the Finnish Capital 
Region. The charging powers of the new EVs in each scenario are 
determined using the shares presented in Table 1. The exact number of 
charging sessions separated by their charging powers are presented in 
Table A.1 in the Appendix. 

After determining the total amount of EVs with certain charging 
powers, the correlation between the charging powers and the charged 
energies presented in Fig. 3 (for the case of a weekday in REDI) and in 
Fig. A.2 (for all cases) is used to determine the amounts of energy to be 
charged. However, since there have been only 12 charging sessions with 
charging powers of 15–25 kW at Tripla in the data, it does not form a 
well scalable probability distribution. Therefore, the combined data of 
both REDI (includes 289 charging sessions with charging powers of 
15–25 kW) and Tripla are used to determine the amounts of energy to be 
charged for the EVs with charging powers of 15–25 kW for Tripla. 

As the charging power does not have a clear correlation with the 
arrival hours or stay durations, the arrival timings and stay durations are 
generated separately and are randomly allocated for the EVs. The gen-
eration is done using the correlation between the arrival hours and stay 
duration categories presented in Fig. 2 (for the case of a weekday in 
REDI) and in Fig. A.1 (for all cases). The exact minute of the arrival times 
and the exact charging energy within the category (i.e. “0–2 kWh”, “2–4 
kWh”, etc.) are randomly generated. 

As mentioned earlier, EVs rarely become fully charged at the inves-
tigated charging locations as the parking time and supported charging 
power act as bottlenecks. This means that the charged energies in the 
datasets determine only the lower bound for the actual missing energies 
of the EVs. To carry out the simulations, it is assumed that the charged 
energy in the data is the exact energy that was initially missing from the 
EV when it was plugged in. This assumption is likely to reduce the total 
charging loads. However, since the same assumption is made for each 
simulation case, the results are comparable with each other. 

3.2. Simulation model 

The used simulation model couples realistic charging profiles (phase 

currents for each time step) with charging session data (arrival time, 
departure time and charging energy requirement). The charging profiles 
of the EVs are modelled based on real measurements of uncontrolled 
charging sessions of four different commercial EVs with a time- 
resolution of one second. These measurements are then used to calcu-
late the energies that are missing from the batteries of the EVs (i.e. 
charging energy requirements) of each time step. The process goes 
backwards from the end of the charging sessions where the missing 
energies are zero. Then, a lookup table is formed separately for each EV 
to represent the correlation between the realized charging currents and 
the missing energy. Thus, the simulation model takes the limitations of 

Fig. 9. Correlation between the realized charging current and the energy that is 
missing from the battery for BMW i3. 

Fig. 10. Block diagram of the simulation model.  
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the OBCs fully into account and is able to produce realistic non-linear 
charging profiles where the charging current decreases before the bat-
tery becomes fully charged. Instead of percentual SOC, the simulation 
model considers only the energy in Wh that is missing from the batteries 
of the EVs as this method does not require the maximum battery ca-
pacities to be known. 

As an example, the charging profile model for BMW i3 is illustrated 
in Fig. 9. If the missing energy is greater or equal to 1058 Wh, the 
charging currents are 15.9 (phase a), 15.5 (phase b) and 15.1 A (phase 
c). According to the conducted measurements, the charging currents 
have very little variation (less than 0.5 A) until the battery is close to 
being fully charged. Therefore, the charging profile model of BMW i3 
assumes constant charging currents when the missing energy is greater 
than 1058 Wh. As seen in the figure, the BMW utilizes mostly three- 
phase charging but switches to a single-phase charging when the 
missing energy is around 235 Wh. 

As mentioned in [20], the charging currents also depend on the 
temperature of the battery. However, due to the increasing complexity, 
it is left out of the modelling. The operating principle of the simulation 
model is illustrated in Fig. 10. 

The used EV models include Nissan Leaf 2012, Nissan Leaf 2019, 
BMW i3, and Smart forfour EQ. These EVs have different charging 
characteristics, thus enabling a comprehensive basis for the modelling of 
large EV fleets. According to the ablation study in [21], when consid-
ering charge profiles in heterogeneous EV fleets, the number of phases 
used for charging and the maximum current are much more important 
than the exact EV model. Therefore, the EVs shown in Table 2 can be 
used to model most EV charging profiles with a reasonable accuracy. 

As mentioned in [8], a time resolution of 1 min is notably more ac-
curate than one of 5 min when modelling momentary peak loads in 22 
kW charging powers. However, since the study did not consider finer 
time resolutions, a finer time resolution may yield even more accurate 
results. Therefore, the model uses a time resolution of 10 s. 

The simulation model considers three phase charging points. The 
phase order of the charging point alternates, as it is common practice to 
avoid unnecessary phase imbalance, which may occur especially if there 
are multiple EVs that utilize only a single phase for charging. In the 
simulations, the arriving EVs are assigned randomly for available 
charging points. 

4. Results 

The key numeric results of the simulations are presented in Table A.2 
in the Appendix. From the results, it can be seen that the total charging 
load and the highest peak load in commercial locations will increase at a 
faster pace than the number of EVs. For example, the total daily charging 
energy and the highest daily peak power increase over the 20 years by 
factors of 39.2–71.5 and 29.0–48.1, respectively, while the number of 
EVs increases by a factor of 20.6–21.1. This is due to the increased share 
of EVs with more powerful OBCs, which allows the EVs to charge more 
energy within the very limited amount of available plug-in time. 

To enable a more straightforward comparison with other charging 
sites and locations, the average charged energy per EV and the peak of 
the normalized power (PNP) are calculated and presented in Figs. 11 and 
12, respectively. In the figures, ‘R’ denotes REDI, ‘T’ denotes Tripla, the 
numbers 1–3 denote the scenario, ‘wd’ denotes weekday, and ‘we’ de-
notes weekend. The peak of the normalized power is defined in [8] and 
can be calculated according to Eq. (1), 

PNP =
Pmax

nEV
(1) 

where Pmax is the highest peak load and nEV is the total number of 
EVs. 

In Fig. 11, it can be seen that the average charging energy per EV is 
expected to increase relatively linearly over the next 20 years, from 5.6 
to 8.7 kWh to 13.0–19.6 kWh. As the PNP depends heavily on the tim-
ings of the charging sessions, it includes a higher variability. Nonethe-
less, the PNP rises from 1.1 to 1.4 kW/EV to 1.6–2.9 kW/EV. The results 
also show that the average charging energy per EV increases more than 
the PNP. This is illustrated in Fig. 13, where the increment of the average 
charging energy per EV (E) and the PNP (P) over the 20 years can be 
compared. The figure shows that the solid bars (increment of the energy) 
are consistently higher than the striped bars (increment of the PNP), i.e. 
the average charging energy clearly increases at a faster pace than the 
PNP in next 20 years. This is assumed to be due to the fact that the higher 
the daily number of charging sessions, the less likely it is that most of 

Table 2 
Electric vehicles.  

Model Max charging 
current 

Max charging 
power 

Charging power 
group 

Nissan 2012 1x16 A 3.7 kW 0–4.5 kW 
Nissan 2019 1x32 A 7.4 kW 4.5–10 kW 
BMW i3 3x16 A 11.0 kW 10–15 kW 
Smart 

forfour 
3x32 A 22.1 kW 15–25 kW  

Fig. 11. Average charging energy consumption per EV.  

Fig. 12. Peak of normalized power (PNP).  

Fig. 13. Increment of the average charging energy and the PNP.  
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them will be charging with maximum power at the same time. The re-
sults shown in Table A.2 support this claim as the highest number of EVs 
simultaneously plugged in in a day (Nmax) per the total number of EVs in 
a day (NEV) decreases over the years in most cases as the total number of 
EVs in a day increases. On average, the increment of the average 
charging energy per EV is + 133.5%, whereas the increment of the PNP 
is + 77.1%. 

According to the simulations, each case results in different charging 

behaviour from a timing perspective. To illustrate this, the number of 
charging sessions for each case in 2040 is presented in Fig. 14. Although 
the average daily number of charging sessions for a weekday at REDI 
(993) and a weekend at Tripla (949) are relatively close, the use of 
charging points in terms of time of occupancy are very different. This 
can be explained by the different distribution of arrival times over plug- 
in durations, as illustrated in Fig. A.1. On the weekend at Tripla, EV 
users tend to arrive later and stay for a shorter amount of time compared 
to weekdays at REDI. 

The charging loads on weekdays at REDI in 2040 are illustrated in 
Fig. 15. Contrary to the results mentioned in [10], the charging peak 
demand does not seem to be earlier for scenarios where the average 
charging power of the EVs is higher. Instead, the charging peak demand 
is higher for the scenarios where the average charging power of the EVs 
is higher. From the figure, it can also be seen that the loading imbalance 
of the three phases varies between the scenarios. 

Further phase imbalance analysis is carried out using Eq. (2), where 
Iu represents the percentual phase imbalance for each time step t, ΔImax, 

avg is the maximum deviation of any phase current from the average 
current Iavg. In each simulation case, the average phase imbalance of 
each time step is calculated. To avoid potential distortion caused by, e.g. 
a random single-phase EV charging at nighttime, the average phase 
imbalance is limited to time steps with at least three EVs present. The 
average phase imbalance for each simulation case is presented in Fig. 16. 
In the figure, the phase imbalance is shown to decrease over the years, 
and Scenario 3 tends to lead to a slightly lower phase imbalance 
compared with Scenario 1. This indicates that the decreasing phase 
imbalance correlates more notably with the increasing number of EVs 
than the increasing share of EVs that support three-phase charging. 

Iu(t) =
ΔImax,avg(t)

Iavg(t)
× 100% (2)  

5. Discussion 

The simulation results promote the idea of centralized charging lo-
cations from two perspectives. Firstly, as seen in Fig. 13, an increasing 
number of EVs in a charging site will increase total energy consumption 
more than the peak power demand. Secondly, the average phase 
imbalance decreases as the number of EVs increases, as seen in Fig. 16. 
Therefore, to ensure a certain level of user satisfaction, the total 
charging capacity per charging point can be lower in larger charging 
sites than in smaller charging sites. The centralization of small charging 
sites into larger ones may also result in lower infrastructure costs per EV. 
If the site is large enough, it can also be connected directly to a higher 
voltage level, eliminating the potential bottlenecks of the low voltage 
network. 

Regardless of the size of the charging site, the development of the 
charging energy demand and the peak power demand obviously impact 
the optimal sizing of charging infrastructure. This may also include 
other components such as PV systems and energy storage systems (ESSs) 

Fig. 14. The average number of charging sessions.  

Fig. 15. Current consumption on a weekday at REDI in 2040 for (a) Scenario 1, 
(b) Scenario 2 and (c) Scenario 3. 

Fig. 16. Phase imbalance of the charging load.  
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that are coupled with the charging site. Since the lifetime of PV systems 
and ESSs are quite long, the development of the EV fleet in terms of size 
and charging powers will impact the total benefits. Therefore, studies 
considering the sizing of the charging capacity [33], PV systems [19] or 
ESS [11] could benefit from the results presented in this paper to 
enhance the accuracy of the calculations. Besides avoiding potential 
overinvestments, the accurate load modelling can be used to ensure 
satisfying quality of the charging service, i.e. the energy charged to the 
EVs. According to the survey presented in [34], the quality of the 
charging service is seen as a more important factor than the charging 
costs. 

As the charging powers of the EVs and the average energy con-
sumption of the charging sessions in commercial locations increases, a 
larger part of the home charging load is fulfilled by commercial 
charging. This means that the load is shifted from later evening to 
daytime, which can be beneficial from a renewable energy perspective 
as the solar energy can be utilized more efficiently by the EV fleet. To 
take full advantage of this, commercial charging sites should use 
charging points that support powers up to 22 kW along with a cost- 
effective PV system. It would be worth considering the use of sub-
sidies or policies to encourage such arrangements in commercial 
charging locations as it would be a logical step towards fully renewable 
energy-powered EVs. 

6. Conclusions 

This paper has analysed the charging characteristics in commercial 
charging locations in terms of supported charging powers. Additionally, 
two simulation models are used. The first model estimates the devel-
opment of the electric vehicle (EV) fleet and the supported charging 
powers of the EVs. The second model simulates the charging loads in fine 
detail. Based on the results, it is evident that the supported charging 
powers of the EVs have a significant impact on the charging loads when 
considering charging points with a nominal power of > 3.7 kW. 

The investigated research questions and the findings of the study are 
listed below:  

1. What is the influence of different charging powers on the charging sessions 
at commercial charging sites? According to the data analysis, 77% of 
the charging sessions on average have idle time of less than 5 min in 
commercial locations, which means that the charging process con-
tinues throughout the whole plug-in duration in most cases. Impor-
tantly, a higher supported charging power of the EV does not seem to 
increase the idle time, which indicates that the available charging 
time together with the charging power forms a bottleneck for the 
charged energy. As a consequence, when the EV fleet develops and 
EVs begin to support higher charging powers, the average charging 
energy per EV will also increase in these locations. Since most of the 
analysed charging sessions (79%) support only charging powers 
below 4.5 kW, the increase is likely to be notable. Meanwhile, the 
flexibility of the EVs may not increase remarkably unless both the 
charging site and the EVs begin to support over 22 kW charging 
powers.  

2. How does the EV fleet develop in terms of supported charging powers? The 
results indicate that the share of EVs with ~ 3.7 kW maximum 
charging powers will dominate the next 5–10 years. However, after 
that, most EVs begin to support higher charging powers. In 2040, the 
estimated share of EVs that support around 3.7 kW is 12.9%, 7.4 kW 
is 38.2%, 11.0 kW is 24.5% and 22.1 kW is 24.5%.  

3. What are the impacts of the development of the EV fleet in commercial 
charging sites in terms of charging energy and peak loading? According 
to the simulations, both the average charging energy per EV and the 
peak of the normalized power will increase notably over the next 20 
years. The average energy will increase from 5.6 to 8.7 kWh/EV to 
13.0–19.6 kWh/EV (+133.5% on average), while the peak of the 
normalized power increases from 1.1 to 1.4 kW/EV to 1.6–2.9 kW/ 
EV (+77.1% on average).  

4. How should the development of the charging energy and peak loads be 
taken into account in parking policy? According to the results, 
centralized charging solutions could lead to a more cost-effective 
utilization of charging capacity, thus lowering the infrastructure 
costs per EV. If the site is large enough, it can also be connected 
directly to a higher voltage level. Additionally, centralized parking 

Fig. A1. Average number of EVs arriving each hour where the colours indicate the categories for stay durations (min) in the case of (a) REDI weekday, (b) REDI 
weekend, (c) Tripla weekday and (d) Tripla weekend. 
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allows new forms of city development, as it frees the parking spaces 
from the street level to be used by other sustainable forms of trans-
port. These factors should be considered when planning the imple-
mentation and location of new parking spaces. 

Overall, the results of the study are quite valuable. They can be used 
to improve the accuracy and reliability of future simulations related to 
topics such as load forecasting, flexibility evaluation, and optimal sizing 
of charging infrastructure. Additionally, policymakers can use these 
findings to improve parking policies from the charging solution 

perspective. Future work aims to investigate the impacts of the 
increasing charging powers of the EVs in other charging sites, such as 
homes and workplaces. Furthermore, the influence of the charging loads 
of different charging sites on each other will be studied. 
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Table A1 
The number of EVs in the simulation cases separated by their charging powers.  

Charging power (kW)     3.7 7.2 11.0 22.1     Total 

2020 REDI Weekday     35 5 3 3     46 
Weekend     26 4 3 2     35 

Tripla Weekday     20 1 3 0     24 
Weekend     37 1 5 0     44     

Scenario 1 Scenario 2 Scenario 3  
Charging power (kW) 3.7 7.2 11.0 22.1 3.7 7.2 11.0 22.1 3.7  7.2 11.0 22.1 Total 
2025 REDI Weekday 117 31 9 29 117 30 9 30 117 29 10 30 186 

Weekend 91 24 7 23 90 24 8 23 91 23 8 23 145 
Tripla Weekday 64 14 6 14 64 14 6 14 64 13 6 15 98 

Weekend 116 26 11 25 116 25 11 26 117 24 11 26 178  

2030 REDI Weekday 168 140 47 62 168 124 55 70 167 91 72 87 417 
Weekend 130 109 37 48 129 96 44 55 130 71 56 67 324 

Tripla Weekday 90 72 26 31 90 63 30 36 90 46 39 44 219 
Weekend 164 130 47 57 164 114 55 65 164 83 71 80 398  

2035 REDI Weekday 144 300 123 120 144 252 147 144 144 156 195 192 687 
Weekend 111 234 96 93 111 196 115 112 112 121 152 149 534 

Tripla Weekday 78 156 66 62 78 131 79 74 78 80 104 100 362 
Weekend 142 283 119 112 142 237 142 135 142 145 188 181 656  

2040 REDI Weekday 130 460 204 199 130 378 245 240 130 217 326 320 993 
Weekend 101 357 159 155 101 294 191 186 101 168 254 249 772 

Tripla Weekday 71 240 109 103 71 197 130 125 71 112 173 167 523 
Weekend 129 435 197 188 129 358 236 226 129 203 313 304 949  
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Table A2 
Key numeric results of the simulations.    

REDI  Tripla 

2020 Weekday NEV (Nmax)  46 (20)   NEV (Nmax)  24 (6)  
Pmax (kW)  65.5   Pmax (kW)  27.4  
E (kWh)  401.4   E (kWh)  135.4  
E/NEV (kWh)  8.73   E/NEV (kWh)  5.64  
Pmax/NEV (kW)  1.42   Pmax/NEV (kW)  1.14  

Weekend NEV (Nmax)  35 (8)   NEV (Nmax)  44 (13)  
Pmax (kW)  48.7   Pmax (kW)  48.5  
E (kWh)  270.0   E (kWh)  274.1  
E/NEV (kWh)  7.71   E/NEV (kWh)  6.23  
Pmax/NEV (kW)  1.39   Pmax/NEV (kW)  1.10      

Scenario 1 Scenario 2 Scenario 3   Scenario 1 Scenario 2 Scenario 3 
2025 Weekday NEV (Nmax) 186 (72)  NEV (Nmax) 98 (21) 

Pmax (kW) 319.7 320.6 326.4  Pmax (kW) 131.6 154.6 151.0 
E (kWh) 2040.2 2050.6 2063.3  E (kWh) 959.6 970.8 1030.1 
E/NEV (kWh) 11.97 11.02 11.09  E/NEV (kWh) 9.79 9.91 10.51 
Pmax/NEV (kW) 1.72 1.72 1.75  Pmax/NEV (kW) 1.34 1.58 1.54 

Weekend NEV (Nmax) 145 (40)  NEV (Nmax) 178 (49) 
Pmax (kW) 209.0 201.1 201.1  Pmax (kW) 246.4 271.5 280.0 
E (kWh) 1341.77 1352.42 1345.41  E (kWh) 1529.3 1581.1 1587.0 
E/NEV (kWh) 9.25 9.33 9.28  E/NEV (kWh) 8.59 8.88 8.92 
Pmax/NEV (kW) 1.44 1.39 1.39  Pmax/NEV (kW) 1.38 1.53 1.57  

2030 Weekday NEV (Nmax) 417 (154)  NEV (Nmax) 219 (46) 
Pmax (kW) 814.0 835.8 866.2  Pmax (kW) 299.83 340.31 374.91 
E (kWh) 5344.6 5514.1 6018.2  E (kWh) 2422.9 2639.3 2873.8 
E/NEV (kWh) 12.82 13.22 14.43  E/NEV (kWh) 11.06 12.05 13.12 
Pmax/NEV (kW) 1.95 2.00 2.08  Pmax/NEV (kW) 1.37 1.55 1.71 

Weekend NEV (Nmax) 324 (91)  NEV (Nmax) 398 (103) 
Pmax (kW) 581.9 637.4 687.9  Pmax (kW) 611.9 676.3 686.8 
E (kWh) 3619.6 3726.6 4037.6  E (kWh) 4064.2 4352.3 4854.7 
E/NEV (kWh) 11.17 11.50 12.46  E/NEV (kWh) 10.21 10.94 12.20 
Pmax/NEV (kW) 1.80 1.97 2.12  Pmax/NEV (kW) 1.54 1.70 1.73  

2035 Weekday NEV (Nmax) 687 (252)  NEV (Nmax) 362 (76) 
Pmax (kW) 1536.9 1672.1 1882.5  Pmax (kW) 600.6 629.5 767.3 
E (kWh) 10329.9 10987.7 12317.0  E (kWh) 4898.4 5268.9 6134.7 
E/NEV (kWh) 15.04 15.99 17.93  E/NEV (kWh) 13.53 14.55 16.95 
Pmax/NEV (kW) 2.24 2.43 2.74  Pmax/NEV (kW) 1.66 1.74 2.12 

Weekend NEV (Nmax) 534 (138)  NEV (Nmax) 656 (165) 
Pmax (kW) 1031.7 1123.6 1227.1  Pmax (kW) 1391.9 1297.4 1657.5 
E (kWh) 6927.2 7451.1 8272.1  E (kWh) 7929.0 8621.2 10092.7 
E/NEV (kWh) 12.97 13.95 15.49  E/NEV (kWh) 12.09 13.14 15.39 
Pmax/NEV (kW) 1.93 2.10 2.30  Pmax/NEV (kW) 2.12 1.98 2.53  

2040 Weekday NEV (Nmax) 993 (356)  NEV (Nmax) 523 (108) 
Pmax (kW) 2412.0 2578.6 2902.1  Pmax (kW) 821.7 995.5 1046.7 
E (kWh) 16213.6 17353.0 19435.8  E (kWh) 7696.4 8462.0 9814.5 
E/NEV (kWh) 16.33 17.48 19.57  E/NEV (kWh) 14.72 16.18 18.77 
Pmax/NEV (kW) 2.43 2.60 2.92  Pmax/NEV (kW) 1.57 1.90 2.00 

Weekend NEV (Nmax) 772 (204)  NEV (Nmax) 949 (251) 
Pmax (kW) 1539.9 1748.0 1923.4  Pmax (kW) 1813.2 2102.1 2382.9 
E (kWh) 10859.5 11676.6 13128.0  E (kWh) 12366.7 13626.9 16062.9 
E/NEV (kWh) 14.07 15.13 17.01  E/NEV (kWh) 13.03 14.36 16.93 
Pmax/NEV (kW) 1.99 2.26 2.49  Pmax/NEV (kW) 1.91 2.22 2.51 

NEV is the total number of EVs in a day, Nmax is the highest number of EVs simultaneously plugged in in a day, E is the total charged energy (kWh) in a day, Pmax is the 
highest peak load (kW) in a day 
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charging data. 

Appendix 

See Figs. A1 and A2 
See Table A1 and A2 
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