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Abstract – The share of electric vehicles (EVs) in the market has been growing rapidly during the 

past few years. A lot of research has been conducted to enable smart charging, which would fulfill 

EV user needs while considering technical limitations of the grid and incentives provided by the 

electricity market. However, the major part of the developed charging methods uses information of 

EV near-future driving profiles, e.g. departure time and energy need of the next trip, which can be 

problematic to achieve accurately enough. This kind of information will require either an extra 

communication link between the EV user and the EV charging controller, or EV tracking. Regardless 

of how the information is acquired, some uncertainty is likely in the predictions, which can cause 

undesired results. The aim of this paper is to assess these prediction error-related issues for 

distributing available charging capacity and to introduce alternative EV charging control methods 

that eliminate prediction error-related challenges. The results indicate that the EV battery state-

based methods can distribute available charging capacity almost as effectively as the EV near future 
driving profile-based method with perfect predictions. Copyright © 2020 Praise Worthy Prize S.r.l. 

- All rights reserved. 
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Nomenclature 

DSO   Distribution system operator 
EMS  Energy management system 

EV   Electric vehicle 

FEV   Full electric vehicle 

HKDE  Hybrid kernel density estimator 

PHEV  Plug-in hybrid electric vehicle 

PV   Photovoltaic 

SOC   State of charge 

V2G   Vehicle-to-grid 

EEV    Energy stored in battery of the EV 

EEV,max   Maximum usable battery capacity 

Er  Predicted charging energy requirement for the 
next trip  

N     Number of EVs currently charging 

Pc    Charging power of an EV  

Ptc  Total charging capacity available which can be 

used without increasing the monthly peak 

powers of the real estate 

𝛥td  Predicted available charging time before 

departure 

I. Introduction 

Global warming is increasing pressure for green energy 

solutions. In the transportation sector, wide adoption of 

electric vehicles (EVs) is a key factor in reducing 

emissions. Finland has set a target of around 2 million EVs 

and 250,000 biogas vehicles by 2045 [1], which would 

form the basis for emission-free transportation. As the 

number of EVs in use increases, smart charging becomes 

increasingly more necessary to ensure maximum EV user 

satisfaction and optimize grid operation within technical 

limits.  

I.1. Related Work and Motivation 

Literature [2]–[26] describes multiple EV charging 

optimization methods investigated. In [2], an intelligent 
charging system is designed to efficiently manage 

charging process considering the interests of both 

customers and business. Additionally, battery charging 

characteristics are taken into account. In [3], an event 

driven model predictive control strategy, which provides 

cost-effective charging for EV users, is presented. In [4], 

EV charging is optimized considering uncertainty of 

electricity price. In [5], the developed control strategy 

minimizes electricity costs of photovoltaic (PV)-assisted 

charging station while guaranteeing completeness of EV 

charging demand. In [6], multi-agent trilayer EV charging 

framework is proposed. In the framework, each agent has 
its own objective function which it solves locally so that 

privacy is preserved. A centralized and a decentralized EV 

charging coordination are compared in [7]. The results 

demonstrate that the decentralized method achieves a 

satisfactory performance in improving the balance 

between the EV charging demand and locally generated 

wind power. In [8], approximate dynamic programming-

based energy management system (EMS) is developed to 

determine optimal charging start time of each EV rather 

than controlling charging rates.  

In [9], an algorithm to calculate optimal charging or 
discharging to reduce costs is proposed, and its 

effectiveness is demonstrated. Two algorithms that can fit 

multiple charging modes and diverse charging rate 
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scenarios for distribution-side management is designed in 

[10]. Both algorithms are shown to be promising in terms 

of efficiency and accuracy. In [11], a single mixed integer 

linear programing formulation that considers local PV 

production, dynamic tariffs, and distribution network 

constraints for charging EVs is proposed. Simulations are 

used to demonstrate effectiveness of the EMS. An 
improved particle swarm optimization algorithm is 

proposed to control EV charging and discharging in [12]. 

Simulations were implemented to prove the effectiveness 

of the proposed algorithm. A pricing controlled EV 

charging and discharging strategy for households is 

proposed in [13]. The main advantage of the control 

strategy is that it can be utilized for different electricity 

markets to minimize electricity costs. In [14], a dynamic 

programming formulation is established by considering 

bidirectional energy flow, non-stationary energy demand, 

battery characteristics, and time-of-use electricity price. In 
[15], daily energy costs are minimized utilizing 

bidirectional EV charging and realistic EV battery model.  

Additionally, computational complexity is reduced by 

proving that a state-dependent four-threshold feedback 

policy is optimal for EV energy management. In [16], 

multiple heuristic algorithms are used to solve 

optimization problem, in which EV user profits are 

maximized while considering battery degradation. 

Numerical results are used to illustrate that genetic 

algorithm presents the most profitable charging 

scheduling for EV owners. In [17], a distributed EV 

charging coordination is proposed to allocate EV demand 
to valley period and minimize network load variance by 

utilizing vehicle-to-grid (V2G). In [18], a decentralized 

iterative algorithm is introduced to manage EV charging 

and discharging while considering EV charging demand. 

Additionally, a droop-based control algorithm is 

developed aiming to provide power regulation. An optimal 

EV charging scheduling with option of V2G and vehicle-

to-vehicle energy transfer to increase customer 

satisfaction is proposed in [19]. The formulation is 

expanded so that additional battery storage is considered. 

In [20], a multi-objective EV charging and discharging 
method to minimize total operational costs and emissions 

is proposed. The Benders decomposition technique is used 

to solve the optimization model.  

In [21], a closed-loop V2G control strategy which 

fulfills EV charging demand and offer frequency 

regulation is proposed. Simulations are conducted to 

ensure the expected operation. In [22], a control strategy 

for large-scale EVs, BESSs, and traditional FR resources 

is presented. Dynamic simulations of a power system are 

performed to verify its effectiveness. A coordinated 

sectional droop charging control strategy for frequency 
regulation is proposed in [23]. Simulations are used to 

verify the performance of the proposed strategy in a 

microgrid with high wind power penetration. A 

decentralized EV charging control for valley-filling is 

proposed in [24]. The control framework also considers 

grid constraints and allow flexible EV users to adjust the 

weighting factor between grid-level objective and their 

individual objective. In [25], a concept of charging 

requirement index is proposed. The index is then used as 

a basis for an EV aggregation model to achieve valley-

filling with low computational load. In [26], EV charging 

under limited power capacity is studied, and a new policy 

called least laxity ratio is introduced to balance EV 

charging capacity allocation. 
In all these previously mentioned studies, the control 

method utilizes EV near future driving information to 

optimize the charging schedules. In most cases, this 

information includes the departure time and the energy 

need for the next trip. The major concerns with this 

information are acquisition and reliability. The EV driving 

profile-related data can be based on historical data or 

gained as an EV user input as mentioned, e.g., in [16]. 

Regardless of the acquisition method, the information will 

most likely contain some uncertainty. For example, future 

driving behavior does not always correspond to historical 
driving behavior or the user could estimate departure time 

incorrectly. Since there can be changes in driving/traveling 

plans or other unexpected occurrences, user input can also 

be seen as a prediction, which always contains uncertainty. 

This may have undesired effects if the uncertain 

information is used as a basis for charging optimization. 

Further analysis of the EV near future driving information 

acquisition methods in practice is left out of this paper. 

It seems that relatively little effort has been made so far 

to assess the effects of the uncertainty of EV near future 

driving information. In [14], the EV driving profile is 

estimated by an exponentially weighted moving average 
algorithm in order to minimize energy costs while 

considering time-of-use pricing. The proposed scheme 

performs quite well compared to a scheme with prior 

knowledge of a person’s EV driving profile. In [27], a trip 

prediction model is proposed to predict the next arrival 

location and the waiting time at the current location. The 

results indicate a mean prediction error of 4 hours in 

waiting time before the next trip, but the effect of the 

prediction error was not studied. In [28], hybrid kernel 

density estimator (HKDE) is proposed to address the 

uncertainties of EV user behavior by utilizing months of 
historical data. The HKDE prediction resulted in mean 

error deviation of 0.75 hours for stay durations and 1.68 

kWh for energy consumption. The overall results based on 

the predicted behavior of EVs are close to the results 

utilizing real behavior of EVs, but the impacts for 

individual EVs were not mentioned.  

To minimize the negative impacts of the EV charging 

demand uncertainty, there have been a few proposals. In 

[3], the uncertainties are taken into account by allowing 

the EV users to modify the original near future driving 

information and by establishing a minimum guaranteed 
charging profile. Similar minimum energy condition is 

used in [9]. The approach in [3] might be complex from 

the users’ point-of-view. In [29] a stochastic dynamic 

programming method is developed, which gives a 

satisfactory dispatch even without perfect predictions of 

the hourly load demands. In [30], a reasonable level of EV 

user comfort is ensured by requiring a certain state of 
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charge (SOC) within 3 hours of arrival time and a higher 

SOC at the expected departure time. However, these 

studies do not consider individual EVs. 

The control strategies of the previously mentioned 

studies, which use the EV near future driving information 

in optimization, are minimizing electricity costs [2]–[16], 

enabling smart V2G operation [9]–[22], enhancing 
frequency stability [21]–[23], utilizing the valley-filling 

control method [17], [24], [25], or limiting peak loads 

[26]. Since electricity cost minimization can cause load 

peaks to the network as mentioned in [28] and [31], and 

the peak power-based grid tariff set by distribution system 

operators (DSO) is becoming more popular (e.g., in 

Finland), a peak power limitation control method is 

considered in this paper. Regardless of the control method, 

the EV near future driving information has been essential 

to ensure EV user comfort while pursuing the main 

objective. 
As an alternative basis for the EV near future driving 

information, the control method could utilize information 

about the energy stored in the EV battery at the present 

moment. This information could be e.g. the actual energy 

(Wh) or the percentage SOC. This kind of information is 

less likely to include errors and can be more likely 

transmitted from an EV to a charging control system 

autonomously. Furthermore, this could simplify the 

control method and make it easier to adopt from the EV 

user point of view, as the logic of the control method can 

be understood more easily. 

I.2. Contributions and Structure 

The contribution of this paper is to assess the problems 

of using the EV near future driving information to 

distribute the available charging capacity among multiple 

EVs. In addition, alternative solutions are introduced and 

discussed. Simulations are conducted to enable 

comparison of these control methods. 

The rest of the paper is organized as follows. Different 

control methods are presented in Section II. In Section III, 

the data used in the simulations and the simulation model 

are described. The simulation results are presented in 

Section IV. Practical implications of the results are 
discussed in Section V. In Section VI, the paper is finalized 

with conclusions and intended future work. 

II. Control Methods 

There has been growing interest in applying a power-

based grid tariff charged by DSOs. There are variations in 

determining the peak power-based pricing component, but 

monthly peak power is emerging as the most popular basis 
for the fee in the present implementations. Therefore, peak 

power management can be an economically beneficial 

strategy for a customer. In this paper, the investigated 

control method is based on the one presented in [32], 

which acts similarly to the valley-filling control methods. 

In the control method presented in [32], the present power 

consumption of the real estate is measured, and the peak 

power of the ongoing month is memorized. The available 

EV charging capacity, which will not increase the peak 

power of the real estate, can then be calculated. The 

operation of the control method is illustrated in Fig. 1. The 

feeder limit in Fig. 1 is there to ensure that the charging 

power would not exceed the limits of the cable or the fuse 

of the EV charging feeder. 
 

 
 

Fig. 1. Simplified block diagram of the control method 
 

Only even distribution of the available charging 

capacity was considered in [32]. In addition to even 

distribution of the available charging capacity, five 
alternative methods are proposed in the following two 

subsections. The maximum available EV charging 

capacity remains the same, but the distribution method 

may affect the total energy that can be charged to EVs at 

home. This is due to the fact that available charging time 

of the EVs varies, and each EV has a limited battery 

capacity. 

II.1. Utilizing EV Near Future Driving Information 

The EV near future driving information-based (future 

prediction) charging method assumes departure time and 

energy requirement for the next trip to be known for each 

EV. The departure time can be used to calculate the 
available charging time. The aim of this charging method 

is to prioritize charging for those EVs that do not have 

enough energy for their next trip. After that, the available 

charging capacity is distributed evenly amongst all EVs 

since the trip after the next trip is unknown. Charging 

power Pc of an EV which requires energy for the next trip 

can be calculated as in (1), 

 

𝑃𝑐(𝑛) = 𝑃𝑡𝑐 ×
𝐸𝑟(𝑛)

∆𝑡𝑑(𝑛)
/∑

𝐸𝑟(𝑘)

∆𝑡𝑑(𝑘)

𝑁
𝑘=1 ,        (1) 

 

where Ptc is the total charging capacity available that can 

be used without increasing the monthly peak powers of the 

real estate, Er is the predicted energy charging requirement 

for the next trip, 𝛥td is the predicted available charging 

time before the next departure, and N is the number of EVs 
currently charging. In addition to the selected distribution 

method, the charging is limited by the maximum charging 

power of the charging point. 
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II.2. Utilizing EV Battery Information 

One option for smart distribution of the available 

charging capacity would be using information about the 

energy stored in the batteries of the EVs. This information 

could be based on the actual energy (Wh), the percentual 

SOC (%), the actual missing energy (Wh), or the 

percentual missing SOC (%). The inverse of the actual 
energy stored in the battery of the EV (based on energy) 

could be used to distribute more energy for the EVs with 

less energy. In this case, the charging power for an EV can 

be calculated as in (2),  

 

𝑃𝑐(𝑛) = 𝑃𝑡𝑐 ×
1

𝐸𝐸𝑉(𝑛)
/∑

1

𝐸𝐸𝑉(𝑘)

𝑁
𝑘=1 ,       (2) 

 

where EEV is the actual energy (Wh) stored in the EV 

battery. Similarly, the inverse of the percentual SOC 
(based on SOC) could be used to distribute more charging 

energy for the EVs that have the least energy compared to 

their usable battery capacity. In this case, the charging 

power for an EV can be calculated as in (3), 

 

𝑃𝑐(𝑛) = 𝑃𝑡𝑐 ×
1

𝑆𝑂𝐶(𝑛)
/∑

1

𝑆𝑂𝐶(𝑘)

𝑁
𝑘=1 ,       (3) 

 

where the SOC is percentual energy stored in the battery 

of the EV. When using distribution methods (2) or (3), 
charging of an almost empty EV would be highly 

prioritized at the beginning of its charging period. 

However, the prioritization falls relatively fast as the 

stored energy and SOC increases. 

When using the actual missing energy of the EVs 

(based on missing energy) to distribute the available EV 

charging capacity, the charging power for an EV can be 

calculated as in (4), 

 

𝑃𝑐(𝑛) = 𝑃𝑡𝑐 ×
𝐸𝐸𝑉,𝑚𝑎𝑥(𝑛)−𝐸𝐸𝑉(𝑛)

∑ (𝐸𝐸𝑉,𝑚𝑎𝑥(𝑘)−𝐸𝐸𝑉(𝑘)
𝑁
𝑘=1 )

,      (4) 

 

where the EEV,max is the maximum usable battery capacity. 

Similarly, when using the missing percentual SOC of the 

EVs (based on missing SOC) to distribute the available 

EV charging capacity, the charging power for an EV can 

be calculated as in (5), 

 

𝑃𝑐(𝑛) = 𝑃𝑡𝑐 ×
100%−𝑆𝑂𝐶(𝑛)

∑ (100%−𝑆𝑂𝐶(𝑘))𝑁
𝑘=1

,        (5) 

 

The distribution method based on the inverse of the 

percentual SOC (3) or the actual missing energy (4) can 

be favorable for the full electric vehicle (FEV) users 
compared to the plug-in hybrid electric vehicle (PHEV) 

users. This is because of the higher battery capacity of the 

FEVs, which will result in a higher inverse of the 

percentual SOC or a higher actual missing energy. 

Although these four battery energy state-based control 

methods do not guarantee the fulfilment of the needed 

charging requirements, the control methods can still be 

effective at distributing available charging capacity for 

EVs with low energy levels. 

The utilization of information about the energy stored 

in the battery of the EV will require a communication link 

between the EV and the charging control system. 

However, if a suitable communication link exists, this 

kind of information could potentially be transmitted 

autonomously from the EV to the charging control system 

without risks of prediction errors. 

III. Simulation Data and Modeling 

III.1. Case Description 

Simulations were carried out based on long-term 

electricity consumption measurements made in an 

apartment building called Tammela, which was built in 

1980 in Finland. This consumption data was measured in 
2016 at one-hour intervals. The monthly peak powers of 

the building are presented in Fig. 2. The property does not 

include any EV charging points at present in real practice, 

so all 53 simulated charging points, one for each parking 

spot, are modeled as including an EV for the simulations 

done in this study. The simulations focus on a charging 

power of 3.7 kW per charging point, which should be 

roughly suitable for almost every commercial EV. Since 

the available time for home charging is often quite long, 

the power limit of the charging points is not likely to be an 

issue. 

 

 
 

Fig. 2. Peak powers of the real estate 

III.2. EV Properties and Driving Profiles 

The average driving distance per passenger car for 

those who live in an apartment building was 13,650 

km/year in Finland in 2016 [33]. The probability 

distribution for the yearly driving distances (real 

probability distribution) is presented in Fig. 3. The same 

probability is also applied to the driving distances of the 

53 EVs considered in the simulations (used probability 

distribution). It is likely that FEVs with similar 

characteristics as used in the simulations of this paper 

would be driven roughly the same way as the present 

internal combustion engine cars. The data of [33] show 
that today >88% of the cumulative mileage consists of 

trips with length of < 300 km, which corresponds roughly 

with the average range of the FEVs simulated in our study. 

Yearly driving distances are divided into daily average 

distances and assigned to the 53 EVs in random order. 

These average daily travel distances are shown in Fig. 4. 
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Fig. 3. Passenger car driving distance probability 
 

 
 

Fig. 4. Distribution of average daily travel distances 
 

According to [34], the average daily travel distance per 

passenger car driver was around 110.7%, 103.0%, 

107.6%, and 78.6% of the yearly average (23.4 km) in 

spring (March-May), summer (June-August), autumn 

(September-November), and winter (December-

February), respectively. Also, the average daily travel 

distance per passenger car driver was around 101.7%, 

107.3%, 85.9%, 106.0%, 122.6%, 78.6%, and 97.4% of 

the yearly average for Monday to Sunday, respectively 

[34]. Since there can be several drivers per vehicle 
throughout the day, the average travel distance of drivers 

and vehicles may differ. However, in this case, it is 

reasonable to assume a linear correlation between the 

travel distances of the vehicles and the drivers. The actual 

daily travel distances can then be calculated as a 

multiplication of the base daily travel distances shown in 

Fig. 4 and the factors based on the weekday and month. 

The daily energy usage of each EV can be calculated as 

a multiplication of the daily travel distance and the energy 

consumption of the EV. The energy consumption is 

assumed to be a constant 180 Wh/km for each EV. This is 

close to the numbers used in, e.g., [7], [16]. The usable 
battery capacity of the FEVs is assumed to be normally 

distributed, where the average is 60 kWh and the standard 

deviation is 15 kWh. This is not the case in Finland 

currently, but since the battery capacity of FEVs may 

increase in the future, this assumption is reasonable when 

assessing future scenarios. The usable battery capacity of 

the PHEVs is assumed to be normally distributed, where 

the average is 9 kWh and the standard deviation is 1 kWh.  

The simulation focuses on EV penetration of 100%, but 

the share of FEVs and PHEVs varies. The share of FEVs 

is either 0%, 33%, 66%, or 100%. Usable battery 
capacities in the case of 33% of EVs being FEVs are 

presented in Fig. 5. The order of the FEVs and PHEVs is 

randomly selected. 

Since accurate information about passenger car 

departure and arrival times is not available and thus 

available home charging duration is not known, 

assumptions must be made. The departure and arrival 

times are assumed to be normally distributed. During 

weekdays, the average departure and arrival times are 

07:00 and 19:00, respectively, and the standard deviations 

are 1 hour and 1.5 hours, respectively. For weekends, the 

average departure and arrival times are 11:00 and 18:00, 

respectively, with a standard deviation of 2.5 hours for 

both. The distribution of available home charging time for 

the weekdays and the weekends is presented in Fig. 6. 
These assumptions are somewhat in line with the trip 

timing distribution for the passenger car drivers mentioned 

in [34]. 

 

 
 

Fig. 5. Distribution of usable battery capacities in the case where 33% 

of EVs are FEVs and 67% are PHEVs 
 

 

 
 

Fig. 6. Distribution of available home charging time during (a) 

weekdays and (b) weekends 

III.3. System Modeling 

Simulations use a time step of 15 minutes, which allows 
a whole year to be simulated within a reasonable amount 

of time. In order to use the measured consumption data of 

the apartment building in the simulations, an interpolation 

was necessary to change the time step of 1 hour to 15 min. 

This was done by simply dividing each of the 1-hour 

energy consumptions evenly into four parts. Power loss in 

the EV charging is assumed to be 10%, which is close to 

the efficiencies used in, e.g. [13], [14], [20], and [35]. 

Acceptable charging speed for the EV is assumed to 

remain at the maximum during the whole charging time. 

In the simulations, for simplicity’s sake the EVs are 
assumed to support all charging powers between 0 and 3.7 

kW. 

The investigated EV charging control methods are only 

applied to home charging conducted while the EVs are 

parked at the apartment building. However, for some of 

the EV users, an optional slow charging at work is also 

considered. This charging is assumed to be a constant 1.84 
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kW (8 A, 230 V) and last for 8 hours, resulting in 

maximum energy drawn from the grid of 14.72 kWh. 

When taking the charging efficiency of 0.9 into account, 

the charged energy at work will be up to 13.2 kWh per 

day. The work charging is assumed to be possible only 

during weekdays. To properly calculate the need for extra 
charging or the use of gasoline, it is necessary to know the 

travel distance from home to work and vice versa. 

According to [34], work-related travel covers around 

31.6% of the total average daily travel distances of 

passenger car drivers. If the EV users worked 5 days a 

week, the share of work-related travel would be around 

44.27% during the workdays. By assuming that half of 

work-related travel occurs before work charging, 22.1% 

of the daily travel distance is covered in the morning from 

home to workplace and 77.9% is covered later in the 

evening from workplace to home during workdays. The 

home charging is assumed to start after the additional 
stops, e.g., shopping or other activities, and therefore the 

traveled distance between work charging and home 

charging is much longer. 

IV. Simulation Results 

The simulation results focus on the extra energy 

requirement, which indicates the amount of electrical 
energy that the EVs need, in addition to the home charging 

and the work charging, in order to travel the designated 

trips using only electrical energy. The required extra 

energy can be obtained by, e.g., using a fast charging 

station. Additionally, PHEVs may use gasoline to finish 

off a trip when the electricity runs out. PHEVs especially 

may require extra energy regardless of how much charging 

is done at home or at work if the trips are longer than their 

all-electric range. 

The simulation results are compared in three scenarios, 

where in addition to the home charging, a slow charging 

at work is also possible for 0%, 40% (EVs 1–21), or 80% 
(EVs 1–42) of the EVs, respectively. Since car preheaters 

are widely used in workplaces in Finland, a high 

penetration of workplace EV charging is possible. The 

following subsections IV.1–IV.3 consider a FEV 

penetration of 33%. The impacts of different shares of 

FEVs and PHEVs are investigated in subsection IV.4. 

To investigate the effects of prediction errors for 

individual EVs, five random EVs of the 53 are selected for 

closer look. These EVs are referred to as EV11, EV14, 

EV30, EV42, and EV45, which are based on their order 

number. The prediction errors examined in subsections 

IV.2 and IV.3 are investigated by applying the prediction 

error either for all EVs or these five specific EVs. EV14 

and EV45 are FEVs whereas EV11, EV30, and EV42 are 

PHEVs. The main characteristics of these five EV are 

presented in Table 1. 

The results in the next subsections are based on the 
parameters presented in section III. The simulations were 

repeated twice using different randomly generated sets of 

EV-related parameters—i.e., travel distances, usable 

battery capacities, and available charging times. The 

results were very similar, but their detailed presentation is 

left out of this paper. The following conclusions were 

applicable for each simulation case. 

IV.1. Comparison of Different Control Methods 

As shown in Fig. 7(a), a major part, around 81–84%, of 

the total charging energy required by the EVs during the 

whole year can be charged at home in scenario 1 when 

taking the restrictions of the peak power management into 
account. When the available home charging capacity is 

distributed evenly, the share of the required extra energy 

is 18.9%. For all other algorithms the share of required 

extra energy is slightly lower, around 16.8–18.1%.  

 

 

 

 
 

Fig. 7. Energy sources for EV charging in (a) scenario 1, (b) scenario 2, 

and (c) scenario 3 

TABLE I 

CHARACTERISTICS OF THE SPECIFIC EVS 
 EV11 EV14 EV30 EV42 EV45 

Type PHEV FEV PHEV PHEV FEV 

Avg. travel distance (km/d) 38.7 60.6 27.8 71.5 38.7 

Usable battery capacity (kWh) 10.0 47.0 9.0 9.0 64.0 

All electric range (km) 55.6 261.1 50.0 50.0 355.6 

Departure (weekdays) 8:15 6:15 7:15 8:15 7:15 

Arrival (weekdays) 19:00 20:30 19:15 20:45 19:30 

Departure (weekends) 11:15 11:45 10:00 9:15 14:30 

Arrival (weekends) 17:00 16:15 16:45 13:30 20:45 
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If 40% or 80% of the EVs have an opportunity for 8 

hours of slow charging during the workdays, as in scenario 

2 or in scenario 3, respectively, the required extra charging 

for all EVs drops significantly compared to scenario 1. 

This can be seen from Fig. 7. The extra energy 

requirements of the EVs are between 1.12–1.28, 0.58–

0.86, or 0.35–0.43 kWh per day on average for scenarios 
1, 2 and 3 respectively. This is illustrated Fig. 8. In all 

three scenarios, the even distribution method seems to 

give the worst results whereas the future prediction gives 

the best results. The most notable difference can be seen 

in scenario 2, which was expected, as the uneven 

opportunity for work charging is causing more uneven 

charging demands at home. However, it should be noted 

that for the future prediction method, a precise prediction 

is assumed which is not likely to be the case most of the 

time. 

 

 
 

Fig. 8. Average daily extra energy requirement for scenarios 1–3 
 

As mentioned earlier, distributing the available 

charging capacity based on the inverse of the percentual 

SOC or the actual missing energy (kWh) of the EV battery 

will be favorable for the FEVs (EV14 and EV45). 

Distributing the available charging capacity based on the 

inverse of the actual energy (kWh) or the missing SOC of 

the EV battery is fairer for the PHEVs (EV11, EV30, and 

EV42). This can be seen from Fig. 9 where the extra 

energy requirement is presented for the specific EVs in 
scenarios 1 and 2.  

 

 

 
 

Fig. 9. The average daily extra energy requirement of the specific EVs 

in (a) scenario 1 and (b) scenario 2 

The EV42 has notably higher daily trip distances than 

its all-electric range and thus some extra energy is required 

in order to complete the daily trips. The other specific EVs 

have nearly zero extra energy need in scenario 2 as seen in 

Fig. 9(b). When investigating the five specified EVs, 

scenario 3 is similar to scenario 2 but the EV42 requires 

less extra energy whereas the other specified EVs do not 
require any extra energy. 

IV.2. Effects of Energy Requirement Prediction Error 

To evaluate the prediction error effects of the future 

energy demand, different cases are considered. Prediction 

error range within ±30% of the energy consumption of the 

next trip is examined, which equals an average error of 

±11.2 km or ±2.0 kWh. This is close to the mean 

prediction error deviation mentioned in [28]. The same 

prediction error is applied either to the five specified EVs, 

which represent roughly 10% of the EVs, or for all EVs. 

Depending on the EV near future driving information 
acquisition method, these kinds of cases could occur. For 

example, if the near future driving information is based on 

historical data, random prediction errors may be likely. On 

the other hand, if the information is based on user input, 

all EV users might be tempted to exaggerate the charging 

demand to ensure sufficient energy for the next trip.  

Results of the cases where the same prediction error is 

applied to the five specified EVs or to all EVs are 

presented in Fig. 10. The prediction error does not seem to 

have a notable effect when considering average extra 

energy requirement for all EVs. This is most likely 

because the available charging capacity remains the same, 
but the intended distribution method is compromised as a 

result of the prediction error. Therefore, almost the same 

amount of energy can be charged to all EVs in total and 

thus the average extra energy requirement of all EVs 

might not be notably affected. 

 

 

 
 

Fig. 10. The average daily extra energy requirement of all EVs when 

the energy demand is predicted similarly wrong (a) for the five specific 

EVs and (b) for all EVs 
 

Even though the average extra energy requirement of 

all EVs remains the same, the prediction error may have 
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notable impact on the individual EVs. In order to 

determine the effects of the prediction errors on the 

specific EVs, their extra energy requirements must be 

investigated separately. The prediction error impacts for 

the five specific EVs with the prediction error have been 

illustrated in Fig. 11 for scenario 1. There seems to be 

clear correlation with the prediction error and the extra 
energy need of the EVs. The lower the predicted 

consumption is compared to the real future consumption, 

the higher the extra energy requirement will be. 

In Fig. 11, the energy consumption prediction error of 

-30% for the specific five EVs equals to an average error 

of 0.24 kWh when considering all EVs. However, the 

extra energy requirements of the EV11, EV14, EV30, and 

EV45 are almost double when compared to the case with 

prediction error of 0%. Due to the prediction error, the all-

electric range would be reduced by up to 2.8, 5.9, 2.3, 0.2, 

and 2.2 km on average for the EV11, EV14, EV30, EV42, 
and EV45, respectively. Even though the prediction error 

will most likely vary from day to day and not remain the 

same as in these simulations, the effects of these prediction 

errors may seem displeasing from the EV user point of 

view. 

 

 
 

Fig. 11. The average daily extra energy requirement for the five specific 

EVs with energy demand prediction error in scenario 1 

IV.3. Effect of Departure Time Prediction Error 

Prediction error of the EVs’ departure times has an 

effect similar to the prediction error of energy demand. 

With a prediction error of ±2 hours, the average extra 

energy requirement of all EVs remained almost the same. 

This is illustrated in Fig. 12 where the error is applied to 

the five specific EVs or to all EVs. When examining the 
effects for the specific EVs with the prediction error, more 

notable impacts can be seen. Predicting a later departure 

time than the real departure time seems to increase the 

extra energy requirement of the EV. This is illustrated in 

Fig. 13. Predicting a two hours later departure would mean 

around 2.0, 3.7, 1.5, 2.4, and 1.7 km reduced all-electric 

range on average for the EV11, EV14, EV30, EV42, and 

EV45, respectively. 

 

 
 

Fig. 12. The average daily extra energy requirement of all EVs when 

the departure time is predicted similarly wrong (a) for the five specific 

EVs and (b) for all EVs 
 

 
 

Fig. 13. The average daily extra energy requirement for the specific 

EVs with departure time prediction error in scenario 1 

IV.4. Effects of Different FEV and PHEV Penetrations 

Since some PHEVs have longer daily trips than their 

all-electric range, a higher FEV penetration may reduce 

the average extra energy need of EVs. On the other hand, 

FEVs cannot utilize traditional fuels, such as gasoline, to 

continue a trip after running out of electricity, and thus it 

is more important for FEVs to have enough electrical 

energy available. Simulation results for the cases with 

different shares of PHEVs and FEVs are shown in Fig. 14. 

 

 

 
 

Fig. 14. The average daily extra energy requirement in different FEV 

and PHEV penetrations in (a) scenario 1 and (b) scenario 2 
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V. Discussion 

As seen from the results, the EV near future driving 
profile-based charging method can be used to effectively 

distribute available charging capacity for the EVs. When 

considering the total charging capacity distributed to all 

EVs, the prediction uncertainties do not seem to have 

notable impact. However, the prediction uncertainties can 

have more notable effects for individual EVs. As seen 

from the results in the previous section, moderate 

prediction errors in the departure time and the energy 

requirement cause some inconvenience to the EV users. 

The most common methods to acquire EV near future 

driving profiles are EV user input and tracking of the EVs. 
From the EV user point of view, both methods can be 

problematic. Requiring users to input departure times or 

energy requirements could be burdensome and cause, e.g., 

response fatigue, which has been one of the most common 

barriers in demand response programs [36]. And as 

mentioned earlier, the users might, for example, 

exaggerate the charging requirements, which could 

diminish the efficiency of the control method. 

Additionally, it is worth mentioning that using EV user 

inputs in the charging controller requires an extra 

communication link between the EV user and the charging 

controller. Tracking of the EVs can be relatively accurate 
if there is enough data available. However, comprehensive 

data may not be easily accessible. Also, historical data-

based prediction needs updating each time a resident or the 

behavior of a resident changes (change of workplace, etc.), 

which could happen quite often in an apartment building, 

as an example. 

When considering the above, it might be reasonable to 

find other solutions to distribute available EV charging 

energy than EV near future driving profile-based methods. 

Depending on the investigated scenario, the efficiency of 

the presented EV battery-based control methods varied. 
However, their overall efficiency was relatively good 

compared to the EV near future driving profile-based 

method.  

In the examined case, the monthly peak powers are 

limited to lower the peak power-based costs for the EV 

users. Depending on the availability of workplace 

charging, there may be a need to allow higher peak loads 

at the apartment building. Since higher peak loads are 

likely to cause higher costs as peak power-based demand 

charges are becoming more popular, the peak loads should 

be increased only the minimum amount which satisfies the 

EV users. Therefore, smart distribution of the available 
charging capacity will most likely still be necessary. 

Energy demand-based predictions could potentially still 

be suitable for predicting the required total EV charging 

energy, which could be used to determine, for example, 

the minimum necessary peak load that allows EVs to be 

charged sufficiently. This kind of prediction would again 

be prone to uncertainties, but the potential prediction error 

impacts could be distributed more evenly among all EVs, 

if, for instance, battery state-based charging distribution is 

used. 

VI. Conclusions and Future Work 

In this paper, relatively simple control methods, which 
utilize either EV near future driving information or 

information on the stored energy of the EV battery to 

distribute the available charging capacity between 

multiple EVs, are presented and discussed. The EV near 

future driving profile-based control method can be 

effective at distributing the available EV charging 

capacity. It is also not too sensitive to prediction errors 

when considering all EVs together. However, prediction 

errors can have more notable and unevenly distributed 

impacts for individual EVs. More complex prediction-

based charging control methods might have even greater 
negative impact to the EVs with unexpected behaviors. 

Adopting such an EV charging control method which 

utilized future predictions might cause concerns amongst 

the EV users. 

Alternatively, the available home charging capacity 

could be distributed based on the actual energy or the 

percentual SOC of the EV battery. This kind of control 

method can be almost as effective as the future charging 

demand-based control method with perfect predictions 

and notably more efficient compared to the charging 

method with even distribution when the EVs have uneven 

charging demands. Utilization of battery state-based 
information requires a simple communication link 

between EV and the charging control system. However, 

with the communication link, the information could be 

transmitted automatically. Since the information is about 

the present state, prediction errors, etc. do not influence 

the control method negatively. This kind of control 

method may seem a more attractive option from the EV 

user point of view. 

Future work will investigate EV battery energy-based 

charging algorithms in different cases and scenarios. Also, 

options to utilize V2G without the EV near future driving 
information should be explored. 
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