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1 Introduction and Objectives 1 

The purpose of this deliverable is to describe the work pursued by the participants of DATASIM Work 2 
Package 6 (WP6).  3 

This work package represents a final application stage and its main objective is to show that the 4 
different approaches developed in the previous work packages allow an unprecedented insights in: 5 

 The management of the electrification of road transport (scenario M1). 6 

 The impact of electric mobility on the electric grid (scenario M2). 7 

 The efficient management of smart grids (scenario M3). 8 

 The assessment of social relevance. 9 

In the following section, a complete description of the different tasks performed to reach these 10 
objectives will be presented. 11 

Within the DATASIM project, the described contents have several links with other work packages. The 12 
main relationship among them are presented in the following Figure. 13 

 14 

Figure 1. Relations to other WPs. 15 

  16 



 
 

9 
 

2 Task Descriptions 1 

 2 

Figure 2. Description of work in WP6 3 

To achieve WP6 goals, four different tasks where defined: 4 

 Task 6.1. Scenarios M1. This task calculates the scenarios defined in M1. (See Table 1  for a 5 

detailed description) 6 

 Task 6.2. Scenarios M2. This task evaluates the scenarios defined in M2. (See Table 1). 7 

 Task 6.3. Scenarios M3. This task analyses the scenarios defined in M3. (See Table 1). 8 

 Task 6.4. Assessment of societal relevance. Each set of Scenarios (M1-M3) is analysed for 9 

their contribution to three specific environmental concern related to transport: emissions, 10 

energy consumption and public health. Big data bases of emission measurements based on 11 

the VOEM and VOEM-low system are available and will be used in this project to evaluate the 12 

environmental effects of massive EV introduction. Current developments in computers enable 13 

a complete new approach that can relying on massive lookup-tables to get a far better 14 

estimate than earlier attempts that have used regression analysis (e.g. for energy demand and 15 

CO2 emissions). The evaluation used the standard European ExternE methodology (cfr. The 16 

recently completed version from the NEEDS project) to convert all benefits into monetary units 17 

to facilitate interpretation of the scenario outcomes for policy makers. 18 

 19 

 20 

 21 

 22 
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Table 1. DATA SIM Scenarios 1 

 Scenario M1 Scenario M2 Scenario M3 

What is the 
scenario? 

-Market impact and user 
acceptance studies in era of 
EV 
-Policy management 
measures in era of EV 

-Nationwide power demand 
estimation  in era of EV 
 

-Estimation of changes of 
individual user behavior on 
mobility because of 
existence of V2G.  
-Dynamic electricity pricing 
scenario 

Which type of 
concrete 
questions 
can be 
simulated in 
the scenario? 

-Market impact and user 
acceptance: 
Which specific activities or 
user profiles should be 
targeted in the first stages of 
market penetration of EV and 
what is the exact nationwide 
impact when we do? 
-Policy management:  
What will happen with EV 
modal choice when fuel 
prices increase? 
What will happen if we 
impose a fuel tax on non EV 
users?  
What is the exact impact of 
an improvement in battery 
technology, which leads to 
longer driving ranges, on the 
overall modal split (including 
EV modal choice)? 

-What is the impact on power 
demand in the following 
situations 
*controlled charging (e.g. after 
10 P.M.) 
*uncontrolled home charging 
(random when at home) 
*end-of-travel day recharging 
*publicly-available charging 
*influence of different 
penetration degrees of EV 
*influence of different vehicle 
fleets (EV, PHEV, ICE).  
*trajectory-dependencies: 
only parts of trajectory are 
driven by EV, parts by ICE: 
changes are made during 
travelling 
*Combinations of the above 

-Estimation of changes of 
individual user behavior on 
mobility because of 
existence of V2G.  
What will be the influence 
on mobility if x% of 
population charges or 
discharges EV on publicly 
available parking lots during 
shopping? (= only one 
example of behavioral 
change)  
--Dynamic electricity pricing 
scenario 
What will be the influence 
on the system when 
individual travelers would 
maximize their utility, 
including in-home electricity 
use?  

Why is it 
important? 

-Critical success factors for 
succeeding in the transition 
towards EV 
-Policy decision support 
-Raising public awareness 

-Overall control of power 
demand in era of EV 
-Regulated battery recharging 
can prevent power overloads 

-Regulation of V2G systems 
-Efficient programming of in-
home smart grids 
 

Why can it 
not be 
calculated up 
to now? 

-Scenarios are too 
aggregated 
-No microsimulation available 
which simulates this 
-Existing models are not 
policy sensitive 

-No microsimulation available 
that simulates individual 
trajectories 
-Trajectories which exist are 
derived from small surveys 

-No microscopic individual 
energy consumption data 
included in modeling 
-No microsimulation 
available  

Which WP 
contribute 
towards a 
solution and 
why? 

WP1: data integration 
WP3:policy-sensitive 

microsimulation model  
WP4:better policy evaluation 

of simulated OD flows 

WP2:annotated trajectory  

estimation 
WP3:microsiulation model, 

based on annotated trajectory 
information 

WP1: microscopic energy 

consumption data 
WP3: microsimulation 

model; adapted behaviour 

Expected 
outcome 

Microsimulation policy 
decision support tool to 
calculate nationwide impact of 
large EV introduction  

Microsimulation policy 
decision support framework to 
calculate nationwide impact of 
large EV introduction on 
power demand 

Evaluation of full bi-
directional intertwined effect 

between energy and 
mobility  

 2 

 3 

  4 
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3 Task 6.1. Scenarios M1 1 

3.1 Introduction 2 

Electric Vehicles (EVs) are more efficient than equivalent conventional internal combustion engines 3 
(ICE) vehicles and generate lower GHG emissions. The use of EVs also improve the air quality and 4 
reduce the noise in the cities. But EVs have also three important barriers: their total cost -mainly due 5 
to the battery cost, the time needed to be recharged and the most significant impediment: their limited 6 
range. Even when the average daily distance in EU is around 70 km (G.. Pasaoglu, 2012), which is 7 
allowable by almost all types of EVs in the market, this factor prevent potential customers from 8 
choosing an EV. 9 

The future of the electrification of the road transport needs to be fully compliant with user expectations, 10 
in order to raise general acceptance (Electrification, 2012). Consequently, in the first task of the 11 
current work package, we propose to answer several questions related to market impact, user 12 
acceptance and policy management (summarized in Table 1): “which proportion of the current 13 
traditional trips can be executed by electric vehicles given the current battery technologies and driving 14 
ranges?”, “Are there specific activities or user profiles that suppliers of electric vehicles should target in 15 
the first stages of market penetration?”, “How much proportion of the current traditional trips can be 16 
executed by PHEV, how much by full EV”?, or “Which list of demand driven policy measures and 17 
incentives can be taken to facilitate market penetration of electric vehicles?”, and “What is the 18 
quantified impact of these policy measures?” 19 

 20 

3.2 Methodology 21 

 22 

Figure 3. Work related to Task 6.1 in WP6 23 

To answer these previous questions formulated in this scenario, the applied methodology in this work 24 
was the following (see Figure 3): 25 

Firstly, an analysis of the total cost and capacity evolution of various battery pack technologies used in 26 
EVs was performed. The total cost of the batteries as well as their specific energy (relationship 27 
between capacity and weight) are critical factors in these type of vehicles. Analyzing the cost forecast 28 
of the battery technology, it is observed that prices will fall in coming years (R. Hensley, 2012), 29 
enabling a broader adoption of EVs for a larger number of users, due to an increment in the total 30 
range. 31 
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Secondly, the proportion of daily trips that can be covered with electric vehicles is evaluated in 1 
different contexts: 2 

1. Micro-simulation model. In this case, the electric-mobility information is generated by 3 
FEATHERS model (see WP3 for a detailed description

1
 of this agent-based mobility model) 4 

and a rated consumption for an EV is assumed (in the case of study, the data from a Nissan 5 
Leaf is selected, with 24 kWh of capacity and an average consumption around 0.2 kWh / km). 6 
Given the number and distance of the daily journeys generated by the synthetic FEATHERS 7 
population, the percentage of users that could change from an ICE vehicle to an electric one is 8 
determined. To do this, we have developed a MATLAB Graphical User Interface (GUI) that 9 
allows to study what-if scenarios in which it can be analyzed:  10 

a. The effect of increasing (or reducing) the rated vehicle consumption. This variation will 11 
affect to the maximum range of the vehicle, reducing (or increasing) the percentage of 12 
Flemish users that can use EVs. 13 

b. The effect of increasing (or decreasing) the available capacity of the battery. Taking 14 
into account that the battery prices will fall in the future, automakers can increase the 15 
capacity without increasing the total cost of their vehicles. 16 

2. Real mobility data. Based on the GPS traces information provided by Optotelematics and 17 
CNR, it has been analysed what percentage of the total population of Tuscany can change 18 
their conventional cars to EVs. To do this, we have developed a method for estimating the 19 
energy consumption of EVs over a route defined by the given mobility data information: time 20 
span, latitude and longitude, and taking into account the possible variation on the route 21 
altitude. From this energy estimation the maximum expected range is also evaluated. This 22 
model can include different auxiliary loads like air conditioning or lighting, allowing analysing 23 
the range variation depending on different weather conditions as rain, hot temperatures, night, 24 
etc. The system also takes into account whether (or not) it is possible to recharge the vehicles 25 
during stops made on the route, increasing its autonomy. 26 

Thirdly, for the analysis of the activities or user profiles which have to be promoted on the first steps, a 27 
study has been conducted, based on the information extracted from FEATHERS microsimulation 28 
model, analyzing what activities are doing the users of EVs when their vehicles are stopped during 29 
their daily schedule.  30 

The total number of EVs are clustering in three different sets: 31 

 Set A is composed by EVs that can complete all daily activities without intermediate charging. 32 
They have enough energy in their batteries to come back home after completing all 33 
programmed daily trips. 34 

 Set B is composed by those EVs that need to perform an intermediate recharge to cover all 35 
scheduled daily trips. These vehicles do not have enough energy in their batteries to cover all 36 
daily trips, but they can be charged while their users have parked the vehicle and they are 37 
performing a particular activity (work, leisure, shopping, etc), without modifying his/her daily 38 
schedule. 39 

 Set C is composed by all EVs that need to travel long trips and they need to be recharged 40 
during these trips, modifying the daily behavior of their drivers. Usually, these recharges will 41 
be done in fast charging stations, reducing the recharging time and limiting the change in the 42 
daily mobility behavior. 43 

It is initially assumed that all EVs are fully charged at the beginning of the day (all of them have 44 
charged at home during the low-tariff period). Taking into account the variable electricity price 45 
provided by the Belgian Power Exchange (Belpex, n.d.), an optimization algorithm determines 46 
when (and where) it is cheaper to recharge all EVs from set B, to fulfill their daily schedules. Note 47 
that EVs from set A do not have to change perform any intermediate charging, and therefore, it is 48 
not required to optimize their intermediate charging periods and EVs from set C are not 49 
considered in this study because they will need to modify substantially their behavior. 50 

                                                      
1
 A summariezd description is also presented in section 5.3.4.3 
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From the FEATHERS model it is possible to analyse what activities are been performing by these 1 
users when they are recharging their vehicles, allowing to identify what kind of activities are more 2 
important and should be targeted in the first stages of market penetration of EV. 3 

Finally, and related to the previous work, an optimization algorithm to locate charging stations in the 4 
central area of Pisa city (Italy), based on real mobility data has been developed.  5 

 6 

  7 
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3.3 WP6-Task 6.1 Achievements 1 

 2 

 Battery Technology Review (Alvaro, González, & Fraile-Ardanuy, Battery 3.3.13 

Technology review, 2013) 4 

 RATED BATTERY CAPACITY 3.3.1.15 

At this moment, most of the EVs use Li-ion batteries with a rated capacity around 16-25 kWh (with the 6 
exception of the Tesla Model S, which has a rated capacity of 60-85 kWh and BYD e6 with 75 kWh) as 7 
it is shown in Figure 4. 8 

 9 

Figure 4. Rated Battery Capacity in kWh for current Evs 10 

The range of rated battery capacity for a list of currently available plug-in hybrid electric vehicles is 11 
between 4 kWh and 16 kWh (see Figure 5). 12 

 13 

Figure 5. Rated Battery Capacity (kWh) for current PHEVs 14 

Figure 6 shows the histogram for rated current battery capacity for PHEVs (orange) and EVs (blue).  15 
PHEVs have both electric motor and internal combustion engine, therefore the battery capacity in 16 
these type of vehicles are much smaller than those of EVs as it is validated in the figure. 17 
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 1 

Figure 6. Histogram of current battery capacity in PHEVs and EVs 2 

 EVOLUTION OF BATTERY PERFORMANCE AND COSTS 3.3.1.23 

Figure 7 shows the theoretical energy density for different vehicle fuel technologies (EVs roll, 2014). In 4 
comparison, present battery technologies have reduced theoretical energy density when compared to 5 
those of gasoline and hydrogen (lithium technology energy density is more than ten times smaller than 6 
that of gasoline). Lithium-ion batteries present the highest energy density, around 160 Wh/kg, and 7 
lead-acid batteries present the lowest energy density, smaller than 50 Wh/kg. Samsung SDi, supplier 8 
of lithium-ion battery for BMW i-vehicles, will increase the energy density of its batteries from 130 9 
Wh/kg to 250 Wh/kg in 2019. They are also working on Li-Air fuel cells, which in 2020 could store 10 
aroun 300 Wh/kg. (Kane, 2014). 11 

 12 

Figure 7. Theoretical energy density for different vehicle fuel technologies. (EVs roll, 2014) 13 

According to the statistics from U.S. Geological Survey, lithium price (using 1998 as the base year) 14 
has largely decreased since 2000, while the production shows a larger increment since 2003, as 15 
shown in Figure 8. The unit value is the value of 1 metric ton of lithium apparent consumption, 16 
obtained using the price series for lithium carbonate. Lithium carbonate is a good estimator because of 17 
the large quantity and importance of this compound compared to other lithium compounds. World 18 
production data are in metric tons of gross product of lithium minerals and brine. It does not include 19 
data from Rhodesia (Zimbabwe) and some other African countries during 1966-1967, being Zimbabwe 20 
the largest producer at the time. 21 
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 1 

Figure 8. Lithium price and world production evolution. 2 

The evolution of energy density and price of Li-ion batteries from 1991 to 2005 for consumer 3 
electronics can be seen in Figure 9, by (Anderson & Patiño-Echeverri, 2009) using data from 4 
(Buchman, 2005). This article also forecasted higher prices for electric power drive Li-ion battery than 5 
those from more recent articles. 6 

 7 

Figure 9. Evolution of energy density and price of consumer electronics Li-ion batteries. (Anderson & 8 

Patiño-Echeverri) 9 

The price of automotive-grade lithium-ion batteries is on a path of steady decline according to several 10 
studies. A conservative study from Deutsche bank (2009) estimated a cost around 400 US$/kWh for 11 
2020 considering a learning rate of 7.5%, compared to a 15% learning rate in laptop batteries in 1997-12 
2012 (IEA 2013). However, a 2010 revision set the value at about 250 US$/kWh, due to intense 13 
competition at year 2012. This revision accords with later related news (Clean Technica, 2013). 14 



 
 

17 
 

 1 

Figure 10. Estimated costs of batteries through 2020. (Deutsche Bank Auto Team) 2 

A Roland Berger study in 2012 forecasts that current prices for a complete Li-ion battery system 3 
(including BMS and cooling, but not the charger) will drop from 600-750 US$/kWh (2012) to 400-500 4 
US$/kWh (2015) and 250-300 US$/kWh (2020). A similar prediction is found in a McKinsey study 5 
(2012), forecasting that a "complete automotive lithium-ion battery pack" should fall from the current 6 
cost of approximately $600 per kilowatt hour to roughly $200 per kWh by 2020—and dip even further 7 
to $160 per kWh by 2025. A more optimistic study from Avicenne energy (2012) set a battery price at 8 
270 US$/kWh in 2015 and 190 US$/kWh in 2020. 9 

The evolution in technology does not only affect to a cost reduction, but also improves the 10 
performance of the batteries, increasing the rated cell capacity. In (Morrison, 2006), the expectancies 11 
in Li-ion battery improvements through the usage of new materials are discussed. Figure 11 shows the 12 
evolution of Li-ion cell capacity from 1992 to 2005, observing that the cell capacity has nearly tripled in 13 
10 years. 14 

 15 

Figure 11. Li-ion cell capacity evolution. 16 

 17 

  18 



 
 

18 
 

 Forecast of the Flemish EV penetration rate based on FEATHERS information  3.3.21 

(Álvaro, González, Fraile-Ardanuy, Knapen, & Janssens, 2015) 2 

 INTRODUCTION 3.3.2.13 

In this work an interactive graphical user interface (GUI) based on MATLAB® has been developed to 4 
study what-if scenarios for determining EV penetration rate in Flanders region. The novelty of this work 5 
is to present an easy-to-use tool to quickly analyze variation on the Flemish EV penetration rate due to 6 
variation on different vehicle parameters as average consumption or rated effective capacity. 7 

 DESCRIPTION 3.3.2.28 

Based on the mobility data generated by FEATHERS model, an initial average consumption rate for a 9 
conventional electric vehicle of 0,179 kWh/km and an initial effective battery capacity

2
 of 18 kWh are 10 

assumed. All vehicles are completely full at the beginning of the day. 11 

For each agent from FEATHERS model who are traveling using private vehicles (cars), and 12 
considering their daily activities defined in each daily schedule, it is evaluated: 13 

 The total number of daily trips traveled by each agent. 14 

 The total number of kilometers driven for each agent per day. 15 

 The total consumption (in kWh) for each agent. 16 

With this information, it is also analyzed: 17 

1. The number of vehicles that can perform all their daily trips without any intermediate charging 18 
(and the percentage over the total number of vehicles in Flanders region). 19 

2.  For this set of vehicles it is also evaluated the excess of energy stored in their batteries when 20 
vehicles reach their final destination at the end of the day. 21 

3. The number of vehicles that will require an intermediate recharging during the day to fulfill all 22 
their daily trips (and the percentage over the total number of vehicles in Flanders region). 23 

4. For this second type of vehicles, it is also evaluated the energy that they will demand to travel 24 
the remaining trips of this day. 25 

All this information is easily presented in a common window, shown in Figure 12. 26 

                                                      
2
 Cycle life decreases with increased Depth of Discharge (DoD) because battery cells do not tolerate deep 

discharges and can be damaged if they are completely dicharged. To avoid this situation, Battery Management 
Systems (BMS) limits the rated capacity of the battery. Effective battery capacity represents the real available 
battery capacity to be used. For example, Nissan Leaf has a rated battery capacity of 24 kWh but its BMS limits 
this value to 21 kWh (87,5%). In this work a reduction of 75 % (18 kWh) is assumed. 
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 1 

Figure 12. MATLAB GUI for the estimation of the Flemish EV penetration rate. 2 

 RESULTS 3.3.2.33 

3.3.2.3.1 BASE CASE 4 

Average consumption rate for all EVs in the model is fixed to 0,179 kWh/km and all effective battery 5 
capacities are fixed to 18 kWh. 6 

In this case, the number of vehicles that can perform all programmed daily trips are 925,292 (81% of 7 
the total number of vehicles in Flanders). The total energy stored in their batteries at the final of the 8 
day is presented in Figure 13. Most of their vehicles finish their daily trips with most of the initially 9 
stored energy. 10 

 11 

Figure 13. How much energy is left in the batteries of EVs at the final of the day? 12 
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If the Flemish government wants to promote the electric transportation and reach a high level of EV 1 
penetration rate (i.e. 95%), the effective battery capacity for each EV must be increased to reach 48 2 
kWh. 3 

Taking into account the decreasing price evolution forecast presented in 3.3.1.2, in June, 2019 4 
carmakers could sell EVs with this capacity without increasing the current battery price (not 5 
considering the increasing capacity due to the advances in cell technology). 6 

  7 

3.3.2.3.2 INCREASING THE AVERAGE CONSUMPTION 8 

In reference (Sprintmonitor.de, 2014) real consumption for different types of EVs are available (see 9 
Figure 14). In the right side table a summarized information is presented with the minimum (12,65 10 
Wh/km), average (18,14 Wgh/km) and maximum values (22,51 Wh/km). 11 

 12 

Figure 14. kWh consumption for real users. 13 

In this case, the average consumption for all EVs is increased to this maximum value (0,2251 14 
kWh/km). As a consequence, the number of EVs that can perform all programmed daily trips are 15 
reduced to 864,128 (75,68% of the total number of vehicles in Flanders) and the effective battery 16 
capacity to reach a 95% of EV penetration rate will be increased to 56 kWh, as it is shown in Figure 17 
15. 18 

 19 

Figure 15. Results increasing the average consumption. 20 
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 CONCLUSIONS 3.3.2.41 

In this section, an interactive GUI based on MATLAB® has been developed to help policymakers to 2 
analyze different what-if scenarios.  A sensitivity analysis for battery capacity and average energy 3 
consumption is done, allowing to study their effect over the EV penetration rate in Flanders. 4 

Taking into account the battery cost evolution forecast, it is possible to estimate when different 5 
penetration rates will be reached in the future, increasing the battery size. 6 

 7 

 8 

  9 
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 Estimation of Electric Vehicles’ Consumption based on their mobility  (Álvaro, 3.3.31 

González, Gamallo, & Fraile-Ardanuy, 2013) 2 

One of the key factors in user acceptance of electric vehicles (EVs) will be their total range (see Figure 3 
16). It is common that in mobility studies, where a huge number of vehicles’ trajectories are analyzed 4 
at the same time, the EVs consumption is obtained from the published manufacturer specifications. 5 
Most of the manufacturers also present this consumption information related to several normalized 6 
driving cycles. In these cycles vehicles are driven through a normalized profile of changing speed, 7 
trying to correspond to realistic driving patterns in different driving conditions. There are different types 8 
of cycles to simulate urban driving or highway driving. These driving cycles were primarily developed 9 
to provide a realistic and practical test for the emissions of vehicles, but now they are also used to 10 
evaluate the estimated consumption of conventional ICE vehicles.  11 

 12 

Figure 16. Nissan Leaf Range Estimation (Nissan: How far can I go?) 13 

The total electric consumption will depend on several variables like speed, road elevation, driving 14 
conditions, wind, vehicle auxiliary loads like heating/air conditioning, etc. All these variables will restrict 15 
the vehicle range significantly. 16 

Our main objective in this collaboration with the KDD Lab-CNR was to develop a novel simplified 17 
model to define the vehicle’s response to a large set of operating conditions. This model allows to 18 
estimate the real consumption (Wh/km) of an EV from the real mobility pattern taking into account 19 
some variables that are not usually considered as elevation or variable auxiliary loads (Fraile-Ardanuy 20 
& Gamallo, 2013). 21 

Real GPS data was provided by Octotelematics-CNR and it was used to define the route and the 22 
average speed. With this information available, our developed mathematical model determines the 23 
total range under different driving conditions.  24 

In the following subsections a brief descriptions of the model is presented and some relevant results 25 
are highlighted. For further information, please check the original reference (Fraile-Ardanuy & 26 
Gamallo, 2013). 27 

 MODEL DESCRIPTION 3.3.3.128 

An electric vehicle is a very complex dynamic system composed by different subsystems (battery, 29 
power electronics, electric motors and mechanical parts like tires, suspension, etc.). As this model will 30 
be used in a more general mobility model which will estimate the range of EVs, analyzing millions of 31 
different real trajectories, it has been simplified as much as possible, but keeping a high correlation 32 
with the real results provided by the manufacturer. 33 

In order to compare our mathematical model outputs to real and published range information available, 34 
we have used the parameters of the 2012 Nissan Leaf. 35 
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3.3.3.1.1 VEHICLE MODELLING 1 

The energy consumption is evaluated from the following physical equations that model the mechanical 2 
part of the electric vehicle: 3 

Where: 4 

R [-] is the tire rolling resistance coefficient 5 

Mcar [kg] is the mass of the vehicle 6 

Md [kg] is the mass of the driver 7 

g=9.81 [m/s
2
] is the gravity acceleration 8 

 [rad] is the angle of the driving surface 9 

A [m
2
] is the front area of the vehicle 10 

Cd [-] is the aerodynamic drag coefficient 11 

=1.2041 [kg/m
3
] is the air density of dry air at 20ºC 12 

v [m/s] is the speed of the vehicle 13 

These forces acting on the vehicle are shown in Figure 17. The tractive force can be expressed as: 14 

 15 

Figure 17. Free body diagram of forces acting on the electric vehicle. 16 

The inertial force has two components: the force required giving linear acceleration and the one 17 
required to give rotational acceleration to the traction motor. Since the motor’s moment of inertia is 18 
difficult to know, it is reasonable to increase the vehicle’s mass by 5% in (4) (Larminie & Lowry, 2003). 19 

Rolling resistance:   cosgMMRF dcarrr   (1) 

Aerodynamic drag: 
2

2

1
vACF da   (2) 

Gravity (vehicle’s weight component):   singMMF dcarhc   (3) 

Inertial force:  aMMF dcarla  05.1  (4) 

 lahcarrte FFFFF   (5) 
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The mechanical tractive power is given by: 1 

3.3.3.1.2 AUXILIARY LOADS 2 

Electric cars have other electrical systems, like lights, wipers, horn, indicators, radio, heating-air 3 
conditioning, etc. which must be fed by the battery. These loads are not constant, and some of them 4 
depend on the weather conditions (cold, hot, rain, etc.). An adjustable average value is considered in 5 
this preliminary study, through the variable, Paux. A deeper analysis is presented in Section 3.3.3.3 6 

3.3.3.1.3 ENERGY FLOW AND EFFICIENCIES CONSIDERED IN THE MODEL 7 

 8 

Figure 18. Energy flow in the EV with regenerative braking 9 

The energy flow in the electric vehicle is shown in Figure 18. To predict the total range it is necessary 10 
to evaluate the energy required to move the vehicle every second. This energy is subtracted to the 11 
battery capacity until the battery is completely empty.  12 

In our simulations we use one-second time intervals, therefore the power and the energy consumed 13 
are equal. 14 

Normal forward driving 15 

 16 

Figure 19. Energy flow during normal forward driving 17 

 vFP tete   (6) 
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To evaluate the energy extracted from the battery to the wheel in a forward driving (see Figure 19), the 1 
initial point is the tractive power, Pte where Pte.≥0 in this condition.  Assuming, constant gear efficiency, 2 

gear, for the transmission system, the power entering to this block is given by: 3 

The next step is taking into account the electric machine-power electronics efficiency, mot. In this 4 
case, the electric machine is operating as motor. The power entering in this block is given by: 5 

 6 

The auxiliary power, Paux is added to the motor power, Pmot_in., to give the total power required from the 7 
battery: 8 

Regenerative braking 9 

During breaking, cars must remove its kinetic energy converting it into heat. Electric Vehicles have 10 
regenerative breaking; recovering a fraction of this energy and recharging the battery pack (see Figure 11 
20). The regeneration fraction recovered is given by: Rgen_ratio. 12 

In this case the mechanical power is negative, Pte.<0, and this variable will be weighted by the 13 
regeneration factor and flow back from the wheels to the motor (working in generation mode) and to 14 
the battery. 15 

 16 

Figure 20. Energy flow during regenerative braking 17 

The next step is taking into account the transmission efficiency. The power going out from this block to 18 
the electric machine-power electronics block is given by: 19 

The power going out from the electric machine-power electronics block to the battery is given by: 20 
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Again, the auxiliary power, Paux is added to the motor power, Pmot_in., to give the total power required 1 
from the battery. Note that Pmot_in.<0. 2 

3.3.3.1.4 BATTERY DYNAMICS 3 

Battery performance is modeled to simulate battery operation, extracting/injecting power in every 4 
simulation step and estimating the State of Charge (SoC). 5 

Several different models are proposed in the literature (Larminie & Lowry, 2003), (Schaltz, 2011) 6 
(Tremblay & Dessaint, 2009), (Lee, Shiah, Lee, C.M., & Wang, 2007) (Marra, et al., 2012) based on an 7 
equivalent circuit composed by a controlled voltage source in series with an equivalent battery 8 
impedance. 9 

All these models are more realistic representing the behavior of an EV during charging and 10 
discharging processes. However, in order to keep the model simple enough to be used in simulations 11 
involving thousands of different real trajectories, a simpler model based on (Van Roy, et al., 2011) has 12 
been used in this work. 13 

 14 

Figure 21. Charging and discharging processes 15 

Figure 21 shows the relationship between energy from/to the battery and the battery power. During the 16 
discharging process, the energy extracted from the battery depends on the total battery power 17 

demanded by the vehicle and the battery discharging efficiency, disch, as it is given in: 18 

During the charging process, the energy injected back to the battery depends on the total battery 19 

power demanded by the vehicle and the battery charging efficiencych. Normally, both efficiencies 20 

have different values (Van Roy, et al., 2011). 21 

The variation in SoC is evaluated: 22 

where Ebat
CAP represents the battery capacity, and the SoC in a time interval is updated: 23 

where soc_disch represents the self-discharge losses. 24 

 25 

 auxinmotbat PPP  _  (13) 
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 RESULTS 3.3.3.21 

3.3.3.2.1 MODEL EVALUATION 2 

In order to evaluate the validity of the developed model, the results are compared to the published 3 
range information given by Nissan: (http://www.nissan.ca/vehicles/ms/leaf/en/range-4 
fundamentals.aspx ). 5 

 6 

Case 1. Ideal driving conditions: 222km 7 

Driving on a flat road at a constant 61 km/h means less air resistance, and therefore less energy use. 8 
And at 20ºC, there's no need for climate control, extending the range even further. The result is that 9 
the range is boosted up to 222km (138 miles).  10 

The outputs of the developed model are: 11 

 Total Consumed Energy= 20.8819 kWh 12 

 Distance: 222.0231 km 13 

Which are very close to the official information given by Nissan. 14 

 15 

Case 2. EPA LA4 test cycle: 160km 16 

 17 

Figure 22. Normalized EPA urban driving cycle 18 

The Nissan LEAF has been tested under the EPA Urban Dynamometer Driving Schedule (shown in 19 
Figure 22), a laboratory test commonly called the LA4 test cycle, which represents city driving 20 
conditions. Top speed is 91km/h (56.7 mph) and average speed is 31km/h. ambient temperature can 21 
vary from 20 – 30º. Climate control is off. The Nissan LEAF achieved 160km. 22 

The outputs of the developed model are: 23 

 Total Consumed Energy= 22.08 kWh 24 

 Distance: 157 km 25 

 Time: 4.9975 Hours 26 

This value is 98 % of the value provided by Nissan. The vehicle will be running during 5 horus until it 27 

runs out of electricity. 28 
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3.3.3.2.2 SIMULATION OF ELECTRIC CONSUMPTION OVER A REAL TUSCANY TRAJECTORY 1 

The original GPS trajectory provided by KDD Lab-CNR was recorded from a real ICE vehicle. This 2 
vehicle started its trip from Poggibonsi (blue circle) and finished near Millano (blue square) with a total 3 
distance of 333.61 km (see Figure 25) 4 

Due to the lower range of an EV, it is not possible to drive the entire trip without recharging the 5 
batteries. Our model is used to determinate the maximum range achievable by an EV (Nissan Leaf). 6 
The output of the simulations are presenting in the following subsections: 7 

 Minimum SoC reached at 9472 Seconds 8 

 Minimum SoC reached at 2.6311 Hours 9 

 Max Distance= 182.6932 km 10 

The simulation also generates some additional graphs relating SoC and speed vs time (Figure 23) and 11 
SoC and Elevation vs time (Figure 24).  12 

The speed is recorded in the original GPS raw data. It is possible to see the correlation between 13 
speed and energy consumption in Figure 23. For example, when the vehicle is stopped (around 4000 14 
seconds=1 hour and 6 minutes) , the SoC is kept almost constant. In Figure 24, it is shown that the 15 
bigger the elevation rate, the higher energy consumption is obtained. 16 

 17 

Figure 23. SoC and speed vs time (Tuscany Trajectory) 18 

 19 

  Figure 24. SoC and Elevation vs Time (Tuscany Trajectory) 20 

0 2000 4000 6000 8000 10000 12000 14000 16000 18000
0

20

40

60

80

100

Time [s]

 

 

0 2000 4000 6000 8000 10000 12000 14000 16000 18000
0

20

40

60

80

100

State of Charge (%)

speed (kph)

Car Stopped

 (Speed=0 kph & SoC=58%)

0 2000 4000 6000 8000 10000 12000 14000 16000 18000
0

20

40

60

80

100

Time [s]

0 2000 4000 6000 8000 10000 12000 14000 16000 18000
0

200

400

600

800

1000

 

 

Elevation (m)

SoC (%)
The bigger the elevation rate, 

the higher energy consumption



 
 

29 
 

The SoC information is also presented over a Google map (Figure 25), allowing to get a visual 1 
feedback about the range estimation information. The instant SoC value is presented in different 2 
colours from red (battery completely full) to blue (battery completely empty). The initial point of this real 3 
recorded trajectory is shown with a blue circle and the final point of the trajectory is shown with a blue 4 
square. 5 

 6 

Figure 25. Range estimation representation (Tuscany Trajectory) 7 

It is possible to evaluate the range estimation without taking into account the elevation information, in 8 
this case the maximum reachable distance is 188.3574 km (very close to the original 182.69 km 9 
obtained in the first case). 10 

Time Information 11 

 Minimum SoC reached at 9721 Seconds 12 

 Minimum SoC reached at 2.7003 Hours 13 

 Max Distance= 188.3574 km 14 

 15 

Figure 26. SoC and Speed vs TIME - SoC and Elevation vs Time (Tuscany Trajectory without Elevation) 16 

0 2000 4000 6000 8000 10000 12000 14000 16000 18000
0

20

40

60

80

100

Time [s]

 

 

0 2000 4000 6000 8000 10000 12000 14000 16000 18000
0

50

100

Time [s]

 

 

0 2000 4000 6000 8000 10000 12000 14000 16000 18000
0

20

40

60

80

100

0 2000 4000 6000 8000 10000 12000 14000 16000 18000
-1

0

1

SoC(%)

Speed (kph)

SoC(%)

Elevation (m)



 
 

30 
 

In Figure 26 SoC, Speed and Elevation are plotted versus time. It is shown that there is still a 1 
correlation between speed and the SoC of the battery (See Figure 26– top), but no correlation 2 
between SoC and Elevation are observed (See Figure 26– bottom), because no elevation variation is 3 
consider in this simulation. 4 

 AUXILIARY LOADS CONSUMPTION 3.3.3.35 

In the previous analysis, the auxiliary electric consumption demanded by the car was kept fixed (Paux) 6 

to its basal value (280W).  7 

The performance of EVs can be reduced in cold (or hot) weather due to the increment of energy 8 
consumption by the auxiliary equipment, especially the cab heater (or the air conditioning system). 9 

In this section, different scenarios are initially defined and then, different values of Paux are estimated, 10 
based on the real consumption of auxiliary equipment of a 2012 Nissan Leaf. 11 

Scenario 1 12 

There are two subscenarios: the first one only consider the basal auxiliary consumption due to 13 
dispersion of energy within the car and the second one adds the consumption for lights. 14 

Scenario 2. Winter scenario  15 

Trajectories are translated to a winter month and the information about outside temperature is taking 16 
into account to connect or disconnect the heating (e.g. external temperature lower than 4º Celsius 17 
degrees). Lights use will be on/off according to the daylight conditions. 18 

Scenario 3. Summer scenario 19 

Same idea than in the previous scenario 2, but taking into account that the air conditioning system will 20 
be connected when the outside temperature is above a threshold (e.g., 24ºC). Lights will be connected 21 
according to daylight.  22 

3.3.3.3.1 SCENARIO 1A. BASIC CONSUMPTION 23 

According to (Laboratory, 2013), the base load is 280 W when the vehicle is ON (Paux=280 W)  24 

3.3.3.3.2 SCENARIO 1B. BASIC CONSUMPTION PLUS LIGHTS 25 

Nissan Leaf has 2 different batteries: The main Li-ion battery (see Figure 27) and an auxiliary 12 V 26 
battery (see Figure 28). This second battery is used to initial switch the main battery power, 27 
initialization of the charging process, and providing power to 12V accessories such as entertainment 28 
and navigation system, lighting, horn, warning chimes, etc. (MyNissanLeaf.com, 2013) 29 

 30 

Figure 27. Li-ion main battery 31 

 32 
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 1 

Figure 28. Auxiliary 12 V Battery 2 

In this work it is assumed that the light consumption is drawn from the main Li-ion battery. Under this 3 
assumption, the base load is 280 W when the vehicle is ON and the light consumption is 120 W 4 
(Paux=400 W). Under smog conditions, the halogen fog lights consumed an additional 110W (Paux=510 5 
W). LEDs are used for brake lights and rear lights. There is no information available about the LED 6 
consumption so these loads are not considered in this study. The main types of light consumption are 7 
shown in Figure 29. 8 

                9 

 10 

Figure 29. Head lights and fog low-beam lights. Rear and brake lights. 11 

Additionally, it is possible to include more loads due to lighting (e.g., turning lights, see Table 2 12 
extracted from (Nissan LEAF Light Bulb Mods: LEDS anyone?, 2011)) shows a complete wattage 13 
specification for each type of bulb available in the Nissan Leaf 2011. 14 

 15 

 16 

 17 

 18 
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Table 2. 2011 Nissan Leaf bulb specifications  1 

2011 Nissan LEAF Bulb specifications 

Location Type Wattage 

Headlamp (HI) H9 (Halogen) 65 W 

Headlamp (LO) LED  

Front turn signal lamp 3457NAK (Amber) 21 W 

Parking lamp W5W 5 W 

Front side marker lamp W5W 5 W 

Front fog lamp H11 55 W 

Side turn signal lamp WY5W (Amber) 5 W 

Stop lamp/Tail lamp LED  

Rear turn single lamp WY21W (Amber) 21 W 

Back-up lamp W16W 16 W 

Rear side marker lamp LED  

License plate lamp W5W 5 W 

High-mounted stop lamp LED  

3.3.3.3.3 SCENARIO 2A. BASIC CONSUMPTION PLUS HEATING 2 

The heater consumption can vary from 3-6 kW depending on the ambient temperature. The consumed 3 
power is different if the car has to reach a final set point temperature starting from a very low ambient 4 
temperature (see Figure 30 from 0 sec to 600 sec) or its control system must only to regulate the 5 
indoor temperature and keep it constant, because the car is already warmed (see Figure 30 from 650 6 
sec to 1400 sec). The average power value in the first part of the graph is about 5 kW but the average 7 
power in the second part, once the temperature is stabilized around its reference value, is about 3 kW. 8 

To simplify the model, a constant auxiliary value of 3520W is added to the basal load, obtaining a total 9 
value of Paux=280+3520=3800 W. 10 
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 1 

Figure 30. Heater test (extracted from (Laboratory, 2013)) 2 

3.3.3.3.4 SCENARIO 2B. BASIC CONSUMPTION PLUS LIGHTS PLUS HEATING 3 

The total auxiliary power will be around Paux=3920-4000 W. 4 

3.3.3.3.5 SCENARIO 3A. BASIC CONSUMPTION PLUS AIR CONDITIONING 5 

The air conditioning requirements to cool the cabin are lower than the heat power requirements to 6 
warm it up (Figure 31). The power consumption is around 2 kW, so the total auxiliary power 7 
consumption can be assumed to be Paux=2280 W. 8 

 9 

Figure 31. Air conditioning consumption test (extracted from (Laboratory, 2013)) 10 



 
 

34 
 

3.3.3.3.6 SCENARIO 3B. BASIC CONSUMPTION PLUS LIGHTS PLUS AIR CONDITIONING 1 

Adding the lights consumption to Scenario 3a, the total auxiliary power load is obtained: Paux=2340 W 2 

 CONCLUSIONS 3.3.3.43 

In this section a simplified electric vehicle model has been developed based on real vehicle 4 
parameters. This model allows to determine the energy consumption (in kWh/km) over a route, taking 5 
into account: route attitude variations and the auxiliary consumption due to lights and heating and air 6 
conditioning system. 7 

Fleet managers can use this model to evaluate if EVs will have the range and charge capabilities in 8 
their duty cycles and if EVs will provide an interesting payback period on the incremental capital cost. 9 

 10 

  11 
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 Analysis of the type of activities done during optimal intermediate charging 3.3.41 

schedule (González, et al., 2014) 2 

 INTRODUCTION 3.3.4.13 

On (González, et al., 2014), the mobility model FEATHERS developed in WP3 is combined with an 4 
electric vehicle recharge schedule model based on lineal optimal programming, to analyze daily 5 
activities of EVs’ owners and evaluate the electricity  demand due to this optimal intermediate charging 6 
process.  7 

In the first step, it is analyzed how many drivers could complete their daily schedules using an electric 8 
vehicle, whether using (or not) intermediate day-charging (Figure 33). Then, it is examined the 9 
additional battery capacity required by those vehicles that cannot complete their daily schedules using 10 
only night-charging. Considering the Belgian variable price of electricity, and optimal charging 11 
algorithm is developed, combined with the mobility model. This algorithm allows obtaining the time and 12 
location where the vehicle owners charge their vehicles, as well as the activity they are performing at 13 
the time period. Using this data, the additional demand at each area and its aggregation are obtained, 14 
and finally, the activities done by the users while they are charging can be identified for each zone, 15 
providing a first estimation of the number of chargers and their more suitable locations. 16 

It is assumed that the EV under study has a 24 kWh rated capacity (22.4 kWh of effective capacity) 17 
and its average electric consumption is 0.179 kWh/km and all batteries are completely full at the 18 
beginning of the day. Due to the average type of charging points currently installed in Flanders region 19 
is Level 1 (ASBE, 2013), a 3.3 kW charger points is selected. 20 

 21 

Figure 32. Different types of EV owners in Flanders 22 

The total number of EVs in Flanders are clustering in three different sets (shown in Figure 32): 23 

 Set A (orange car) is composed by EVs that can complete all daily activities without 24 
intermediate charging. They have enough energy in their batteries to come back home after 25 
completing all programmed daily trips. 26 

 Set B (green car) is composed by those EVs that need to perform an intermediate recharge to 27 
cover all scheduled daily trips. These vehicles do not have enough energy in their batteries to 28 
cover all daily trips, but they can be charged while their users have parked the vehicle and 29 
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they are performing a particular activity (work, leisure, shopping, etc), without modifying 1 
his/her daily schedule. 2 

 Set C (blue car) is composed by all EVs that need to travel long trips and they need to be 3 
recharged during these trips, modifying the daily behavior of their drivers. Usually, these 4 
recharges will be done in fast charging stations, reducing the recharging time and limiting the 5 
change in the daily mobility behavior. 6 

 7 

 8 

Figure 33. Vehicle classification. 9 

Figure 33 shows the result of the analysis related to the number of current drivers that could use 10 
electric vehicles without modifying their daily agenda in Flanders region. 81% of the users only require 11 
night-charging to accomplish their activities, 11% of them require intermediate day-charging and only 12 
8% of them cannot complete their schedule without modifying their daily schedule and they will need 13 
to adapt their agenda to include an additional stop to recharge. This results are similar to those 14 
obtained in the previous section 3.3.2.3 for a similar initial condition of the electric vehicle. 15 

 16 

Figure 34. Additional battery requirement. 17 

Figure 34 shows the additional energy requirement of the vehicles that cannot complete their agendas 18 
only by night-charging (11%+8%=19% of the total number of vehicles in Flanders). 11% of those 19 
vehicles require less than 1 kWh, while 50% of them require less than 5 kWh. Considering the 20 
evolution of battery price and capacity shown in section 3.3.1.2, it is expected that in 4 years an 21 
additional 28 kWh battery will be obtained by the same price as a current 23 kWh battery (a descend 22 
from 360 $/kWh to 295 $/kWh), thus increasing significantly the number of users able to accomplish 23 
their daily schedule using EVs. 24 

 CHARGING OPTIMIZATION ALGORITHM 3.3.4.225 

11% of the total number of vehicles (green sector in Figure 33) need to perform an intermediate 26 
charge to reach their final destination, but they can be recharged while their users have parked the 27 
vehicle, without modifying their mobility behaviour. For those users, an optimization algorithm 28 
determines when (in which time slot)  is cheaper to recharge their vehicles, considering the variable 29 
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electricity price and the constraints defined by their own agenda, because cars are not allow to charge 1 
when they are is moving. Fixing the optimal time slot to be recharged will also determinate where are 2 
located the car (in which specific TAZ) and what activity the owner is doing during this charging period. 3 

In Figure 35 the variable price and a daily activity schedule for a specific agent from FEATHERS 4 
model is presented. The car can only be recharged during the blue slots and it is not possible to 5 
recharge it during the red slot because it is been driven. 6 

 7 

Figure 35. Variable electricity price and mobility constraints for intermediate recharging. 8 

Figure 36 shows the energy flows in the optimization charging algorithm based on (Alvaro, Gonzalez, 9 
Fraile-Ardanuy, Knapen, & Janssens, 2013). When the car is driving, the energy stored in its battery is 10 
discharged. Vehicles should charge according to an optimal schedule that has to consider the agent’s 11 
activity agenda and a time-dependent electricity price. BCT(t) is vector whose components are equal to 12 
1 when the vehicle is stopped and 0 when is driving. Table 3 describes the different variables and 13 
parameters (with their rated values) considered in the system. No value has been specified for the 14 
variables of the optimization. 15 

 16 

Figure 36. Charging optimization scheme. 17 

The optimization problem for each vehicle is defined in the equation (18): 18 

Subject to the following restrictions: 19 

     t· tcod min plysupPEX  (18) 

   maxmin SOCtSOCSOC   (19) 

 CRC(t)0  i  (20) 
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The objective function (18) minimizes the charging cost. Constraint (19) sets the limits for the battery 1 
state of charge (SOC) in each time slot and constraint (20) represents the battery charging limit. 2 
Equation (21) describes the SOC time evolution due to charging and discharging processes. Efficiency 3 
is considered for battery charging through equation (22). The vehicle’s availability to be charged is 4 
given by equation (23). Finally, variables are defined as positive to guarantee that energy input is 5 
always positive in (24). 6 

GAMS® and Cplex Solver optimizer have been used for solving the individual problem for each agent.  7 

Table 3. Optimization model variables and parameters 8 

Description Symbol Value Unit 

Energy hourly price PEXsupply(t) [PEXt]  €/kWh 

Battery capacity C 24 kWh 

Energy extracted from the grid cod  kWh 

Charge input to the vehicle fi  kWh 

Charge energy to the battery i  kWh 

Discharged energy (driving)  o [ot] kWh 

Minimum charge rate CR 0.1375 - 

Charge efficiency rate γeff 0.95 - 

Minimum allowed SOC SOCmin 5 % 

Maximum allowed SOC SOCmax 100 % 

Initial SOC SOC(0) 100 % 

Conn./Discon. Vector BCT(t) {0,1} -   

        toti1tSOCtSOC   (21) 

     effγ tfiti  (22) 

    tfitcod(t) BCT  (23) 

   0i(t)fi(t),cod(t),,tSOC   (24) 
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 RESULTS 3.3.4.31 

 2 

Figure 37. Aggregated vehicle demand. 3 

Figure 37 analyses the impact of the intermediate day-charging on generation. The influence on both 4 
price and mobility can be seen in this figure, while the highest demand occurs at one of the lowest 5 
tariff periods (15:00-16:00, demanding an additional aggregated power of 240 MW corresponding to 6 
4000 kWh in a minute). At the beginning of the day, in the period slot between 07:00 and 08:00, the 7 
demand is low, since most vehicles are fully charged or are travelling (see the peak in the red line-8 
trips). At the end of the day, in the period between 21:00 and 22:00, most agents have completed their 9 
daily agenda, reaching their final destination and their vehicles do not require additional energy, 10 
therefore the aggregated electricity demand to perform intermediate charging is also very low in this 11 
period. 12 

 13 

Figure 38. Number of charges by activity at zone 1674. 14 
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There are 2368 different TAZs (Traffic Analysis Zones) defined in FEATHERS (Knapen, Kochan, 1 
Bellemans, Janssens, & Wets, 2011). In most of these areas, the optimal period to recharge the EVs 2 
are when their owners are at home or at work. However, there are some specific areas, e.g. TAZ 3 
#1674, where owners are doing other activities when they recharge their EVs at minimum cost. 4 

Figure 38 shows the number of charges by activity done by users while their vehicles are charging, at 5 
a specific TAZ, #1674. It is found that Shopping activity has a great importance and therefore it could 6 
be interesting to promote the installation of public charging points in commercial areas in this first 7 
steps of deployment, as the one shown in Figure 39. 8 

 9 

Figure 39. Promoting EV charging stations in commercial parkings 10 

 CONCLUSIONS 3.3.4.411 

Considering the daily activities in Flanders region, 81% of drivers would only require night charging to 12 
handle their schedule using an EV. If intermediate slow charging infrastructure is available, this 13 
number increases up to 92%.  14 

The additional average energy level demanding for each vehicle to complete their daily schedule is 15 
low (around 1-5 kWh), therefore it is possible to increase the total number of vehicles that can 16 
complete their daily trips without intermediate recharging promoting to EV car manufacturers to 17 
increase the rated battery capacity in 5%-20%. According to 3.3.1.2, Li-ion batteries prices will drop by 18 
more than one third by 2017, helping to increase the rated battery capacity without increasing the total 19 
vehicle costs. 20 

The lowest electricity price after most vehicles start to move is reached between 15 and 16 hours, and 21 
a significant increase of electric demand is observed in the simulations during this period. 22 

Charging points cannot be homogeneously distributed across Flanders. There are some TAZs that are 23 
more overloaded than others and they will need more charging points. 24 

Analyzing the activities done during the charging periods, it is shown that most of the charges are 25 
performed when the driver is at home. In this case, no additional infrastructure will be required 26 
because owners already have a charging point installed at home. The next most important activity is 27 
work. Therefore, it is important to promote the charging points at the workplace through public funding. 28 
It has been observed that in some particular TAZs the activities during the charging process are 29 
slightly different. That result requires that infrastructure policies consider the mobility particularities of 30 
each area. 31 

 32 

  33 
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 Determining the optimal location of charging stations in a city based on real 3.3.51 

mobility information (Subirá-Rodríguez & Fraile-Ardanuy, 2014) 2 

 INTRODUCTION 3.3.5.13 

For a mass roll-out of EVs it is critical to reduce range anxiety in urban areas. The limited range given 4 
by current Li-ion batteries discourages driver’s acceptance of this type of vehicles.  5 

Usually, EVs are charged during the off-peak night periods at home, but some of these vehicles 6 
require additional day-charging to accomplish their daily schedule. Thus, the deployment of charger 7 
infrastructure is an important and common public policy to incentive the adoption of EVs. 8 

Charging station installation costs are between 700-50,000€, depending on the level of the chargers, 9 
therefore it is critical for energy providers and policy makers to have a methodology to optimally locate 10 
public charging stations that serve the charging demand and meeting the constrained budgets. 11 

In (Jing, Liu, & Lin, 2014), an activity-based assessment method is used to describe BEV drivers’ 12 
driving and charging behaviour and quantify their range anxiety. To evaluate the impact of deploying 13 
electric chargers, a genetic algorithm is used. The placed charger stations, together with travel 14 
patterns obtained from GPS tracking, determines whether a driver can complete its planned travels or 15 
not. The algorithm minimizes missed trips subject to a budget constraint for deploying electric 16 
chargers, choosing between installing (or not) one out of three types of chargers (slow, medium and 17 
fast charger, each of them with a different cost) at certain candidate sites. The entire fleet consists of 18 
vehicles with a 100 mile range and a consumption rate of 300 Wh/mile. For the same budget, when a 19 
higher number of candidate sites is considered, the number of slow chargers rises, as it is shown in 20 
Figure 40. On the other side, fast charger placement is essential to facilitate intercity travel, although 21 
there is a limit for reducing the missed trips due to the battery capacity. 22 

 23 

Figure 40. Number of candidate sites and number and type of chargers. (Jing, Liu, & Lin). 24 

Reference (Frade, Ribeiro, Gonçalves, & Pais Antunes, 2011) propose a methodology to locate the 25 
charging points maximizing the demand coverage in a neighbourhood of Lisbon (Portugal). 26 

In (Sweda & Klabjan, 2011), an activity model based on agent is combined with an adoption model, in 27 
which the agents influence each other, to predict the adoption of EVs by the agents. The model lacks 28 
a dynamic variation in charging station coverage and in vehicle characteristics. 29 

In (Wang, Huang, Zhang, & Xia, 2010) a non-linear multi-objective planning model for the location of 30 
electric vehicle charging station is proposed based on demand priority and the usage of existing gas 31 
stations. The serving ability for a charging station is supposed to be constant within a radius and then 32 
decaying to 0 at a higher radius. The algorithm for the charging station allocation first computes the 33 
energy demand distribution. The biggest demanding area is located and then, the closest gas station 34 
from it. The energy demanded for the station is evaluated and the process is repeated with a new 35 
energy demand distribution equal to the previous one minus the energy served by the station. The 36 
position of the sites is adjusted through an optimization problem. The model and the algorithm are 37 
expansible for the usage of different factors and objective functions. 38 
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A problem similar to charger location, location of battery exchange stations, is studied in (Pan, Bent, 1 
Berscheid, & Izraelevitz, 2010). On one hand, battery exchange is used as a sort of fast-charging 2 
method, while the facility can provide the grid with ancillary services, as stabilizing the grid when 3 
renewable energy production is fluctuating. Thus, the best placement is chosen according to the best 4 
support offered to both the transportation system and the power grid. A two-stage stochastic program 5 
is developed to solve this problem. First, it is decided where to site the exchange stations and how 6 
many batteries at each of them according to certain random scenarios; later, each scenario is 7 
analysed distributing the battery optimally among the chosen locations to satisfy PHEV and grid 8 
demands. The overall objective function combines the allocation cost and the combined cost for each 9 
scenario analysed. Results for the V2G system of the greater Miami are show that, with a renewable 10 
generation level lower than 50%, the variability of renewable sources can be reduced while 11 
maintaining the service for PHEVs. The study for a system in which the population to load ratio is 12 
smaller shows an inferior performance. 13 

This work describes a preliminary study carried out to define the optimal location of charging points in 14 
Pisa (Italy) based on real GPS data collected from conventional ICE vehicles, minimizing the distance 15 
between the demanding points, where EVs will demand the evaluated energy, and the charging 16 
points. The optimization algorithm is performed using genetic algorithms (GA). 17 

 METHODOLOGY 3.3.5.218 

Based on the information provided by Octotelematics-CNR, different trajectories of ICE vehicles 19 
traveling across Pisa are selected (Figure 41). 20 

 21 

Figure 41. Real trajectories recorded from ICE vehicles traveling accross Pisa city center. 22 

It is assumed that all these movements are performed using a Nissan Leaf with a nominal battery 23 
capacity of 21 kWh. The computer vehicle model developed in 3.3.3 is applied to each real trajectory, 24 
providing an accurate prediction of the vehicle’s energy usage. From this information, the demand of 25 
charge (DoC) is evaluated. DoC is defined as the amount of energy that will be demanded by the EV 26 
to become completely charged. 27 
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 1 

Figure 42. Defining the Demand Points (DPs). 2 

Instead of fixing the demanding points (DPs) at the end of each route, as it is shown in the upper 3 
scheme in Figure 42, in this study all trajectories are analysed and an intermediate point included in 4 
the common part of some of the trajectories are selected as DPs, as it is explained in the bottom 5 
scheme in Figure 42. 6 

 7 

Figure 43. Defining demanding points (DPs), charging points (CPs) and distances. 8 

In Figure 43 the main variables and parameters of the model are described. There are N different 9 
demand points (DPs) spread out for all city and, initially, there are M possible charging points (CPs) 10 
randomly located in the same area. 11 

Each CP can cover all DPs located a within a disk of radius r (1 km). The distance between a CP and 12 
DP is denoted by dnumDPnumCP, i.e. the distance between DP1 and CP2 will be d12. 13 

To evaluate the distance between two geographical coordinates (lat1, lon1), (lat2, lon2), the following 14 
equation is used: 15 
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Where R is the diameter of Earth in kilometers according to WGS84 system (Mapanet, 2014) 1 

The distance between two CPs are defined by ynumCPanumCPb, i.e., the distance between CP1 and CPM is 2 
y1M. 3 

A minimum distance between CPs, denoted by dm, is defined, in order to avoid concentrating all CPs 4 
at the same geographical point. Initially, dm is equal to 1.5 km, allowing some overlap between the 5 
areas covered by two adjoining CPs. 6 

The problem of optimal charging station allocating can be modeled as the equation (36), where the 7 
genetic algorithm will adjust the geographical coordinates of the CPs to minimize this equation. 8 

The algorithm will have an additional constraint defined by: 9 

Avoiding locating two CPs very close. 10 

In order to optimize the total cost of the investment, after the optimization process is completed, the 11 
number of DPs covered by each CP is evaluated. If this number is less than 1 DP, the system do not 12 
allow to install this CP. 13 

 RESULTS 3.3.5.314 

In Figure 44 it is shown the result of the simulation. Red squares are the DPs and blue diamonds 15 
represent the final CPs installed. Blue circles around the blue diamonds represent the covered area by 16 
each CP. 17 

The system start the optimization algorithm with an initial number of CPs equal to M=15. After the 18 
optimization process, some two of the CPs (represented by green dots) have less than 2 DPs under 19 
their coverage area and finally only thirteen of the initial fifteen CPs are installed, covering 90% of the 20 
DPs. 21 

 22 

Figure 44. Optimal location of charging station in Pisa city (15 CP candidates) 23 
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If the number of CP candidates are reduced, the system will try to install all CPs to maximize the total 1 
coverage. In Figure 45 the initial number of CP candidates were 5. After the optimization all CP 2 
candidates were installed, providing a 50% of demand coverage. 3 

 4 

Figure 45. Optimal location of charging station in Pisa city (5 candidates) 5 

 CONCLUSIONS 3.3.5.46 

This study provides a basic framework for energy providers and city policymakers to efficiently locate 7 
EV charging infrastructure within a city, having information about real mobility. 8 

Potential extension of this work include the determination of optimal capacity at each charging station 9 
and sensitivity test to determine fluctuations in charging station location due to changes in the inputs. 10 

 11 

  12 
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4 Task 6.2. Scenarios M2 1 

4.1 Introduction 2 

 Electric power systems 4.1.13 

 4 

Figure 46. Electric power system. 5 

The electric power system generates, transports and distributes electric energy to the consumers. The 6 
power grid can be divided in three different parts as it is shown in Figure 46: 7 

Generators, located in the power plants, supply the electric power to the system. In a conventional 8 
power plant, a primary energy source is converted into three phase alternating current (AC) electrical 9 
energy. This power plants are usually located away from the populated areas, therefore, it is 10 
necessary to transport this energy to the consumers in the demand centers. 11 

Transmission system that carries efficiently the electric power from the generators to the 12 
consumption centers, reducing the energy losses in long-distance transmission, using a mesh of 13 
interconnected lines.  As the transmission losses associated to the current flow through a line are 14 
proportional to the square of the current, transmission efficiency increases with higher voltage levels, 15 
therefore, the transmission lines are operated at the highest voltage levels in a power system (110-380 16 
kV in Europe). The greatest load consumers are directly connected to these grids. 17 

Distribution system that feeds the electric power to home and industries. Transmission lines end in 18 
the transmission substations, where voltage is stepped down and the electric energy is distributed in 19 
medium voltage (50-10 kV) to industrial consumers and low voltage (0.4 kV) to domestic consumers. 20 

 Electric vehicles and the impact on the electric power system 4.1.221 

 TYPES OF CHARGERS 4.1.2.122 

The charging profile depends on the particular standard used for charging the EV. IEC 62196 is an 23 
international standard from the International Electrotechnical Commission (IEC) for charging modes for 24 
electric vehicles and the connectors employed. It references and develops the charging modes 25 
defined in IEC 61851-1. 26 

4.1.2.1.1 MODE 1 27 

Mode 1 refers to the connection of the EV to the supply network (not exceeding 16 A and 250 V a.c. 28 
single-phase or 480 V a.c. three-phase at supply side using standard sockets). It requires power and 29 
protective earth conductors but no control pins. In some countries there are additional restrictions, 30 
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while at others, as the USA, mode 1 is not allowed since earthing is not present in all domestic 1 
installations. 2 

4.1.2.1.2 MODE 2 3 

Mode 2 refers to the connection of the EV to the supply network (not exceeding 32 A and 250 V a.c. 4 
single-phase or 480 V a.c. three-phase at supply side using standard sockets). Besides power and 5 
protective earth conductors, it requires a control pin from IEC 61851-1 and a residual-current circuit 6 
breaker to provide protection from electric shock. 7 

4.1.2.1.3 MODE 3 8 

Mode 3 refers to the connection of the EV to the supply network using dedicated electric vehicle 9 
supply equipment. It requires a range of control and signal pins for both sides of the cable. If no 10 
vehicle is present, the charging station socket is offline. 32 A plugs from IEC 61851-1 mode 2 may be 11 
used, while higher currents up to 250 A require specialized cables. 12 

4.1.2.1.4 MODE 4 13 

Mode 4 refers to the connection of the EV to the supply network using an off-board charger. In this 14 
mode, a.c. power is converted in the charging station to d.c., allowing currents up to 400 A. The 15 
required control and signal pins are comparable to those from mode 3. 16 

4.1.2.1.5 CONNECTORS 17 

For currents higher than 16 A, the Schuko connector presents security problems. It is substituted by 18 
different connectors present at IEC 62196. 19 

· Type 1 – SAE J1772-2009. For single-phase voltages between 120 and 240 V and power up 20 

to 16.7 kW. Only in use in USA and Japan.  21 

· Type 2 - VDE-AR-E 2623-2-2. For single and three-phase voltages between 100 and 500 V 22 

and up to 43.5 kW. Extended in Europe. Developed by Mennekes. 23 

· Type 3 – EV Plug Alliance. For single and three-phase voltages between 100 and 500 V and 24 

up to 22 kW. Extended in Europe. Combined development by Scame, Schneider and Legrand. 25 

There are other protocols for battery charging, as the CHAdeMO, developed by a conglomerate 26 
formed by different Japanese entities (The Tokyo Electric Power Company, Nissan, Mitsubishi, Fuji 27 
Heavy Industries and Toyota). It delivers up to 62.5 kW of high-voltage direct current to the battery. 28 

 IMPACT OF EV ON THE ELECTRIC GRID 4.1.2.229 

The current market for EVs and PHEVs is still limited, but this is expected to change quickly. EVs 30 
charging process will increase the total load demand and this growth will have significant impact on 31 
power networks at different levels. 32 

Firstly, at generation level, EVs are new appliances and it could be necessary to increase the 33 
national generation capacity to cover the extra amount of power that these vehicles will demand during 34 
the charging period. Many power plants are underutilized during off-peak periods, therefore it is 35 
expected that most European countries do not need to install supplementary power plants to fulfill this 36 
increment in the electric demand due to EVs, but if most of the EV owners start to charge their 37 
vehicles within a narrow time period after returning from work, coinciding with the systems natural load 38 
peaks (uncontrolled charging), it will be necessary to connect peaking plants to the grid, increasing the 39 
electricity prices and also increasing the CO2 emissions.  40 

Secondly, at transmission level, power losses will be increased due to the increment in the power 41 
transferred from the generation side to the load side, and some energy congestions could arise in the 42 
HV power lines and in the transmission substations if EVs are charging in an uncoordinated way.  43 
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The main impact of uncontrolled EV charging will be arisen at the distribution grid level, where 1 
demands are less aggregated and as a result, more variable and sensitive patterns of a few customers 2 
are important. High risk of local constraints and the need for operating these networks closer to their 3 
limits will be expected on the distribution network (Clement-Nyns, Haesen, & Driesen, 2010). 4 

This extra load caused by EV charging can result in an increment of power losses and overloading of 5 
transformers and distribution lines, being necessary to replace them, increasing the network 6 
reinforcement costs. If the overloading is produced just for 1-2 hours per day, distribution system 7 
operators (DSOs) might want to operate their networks in surpassing their rated loading conditions, 8 
risking a significant reduction of equipment life. 9 

Other important effect over the distribution grids are bus and feeders voltage drop. Operating electrical 10 
equipment below its acceptable voltage rating can lead to premature failure. Inductive loads, such as 11 
motors, can overheat, shortening equipment life and increasing energy consumption. Resistive loads, 12 
such as heaters, simply won’t provide the desired output

3
. For that reason, electric load cannot exceed 13 

5% of rated voltage variation. To study this effect on voltage drop from adding EV chargers to a 14 
distribution networks, several load power flow analysis must be done. 15 

Three-phase supply provides a larger power and hence it is used in fast charging stations, but most 16 
EVs currently use a single-phase chargers in residential households. These devices can produce 17 
voltage and current unbalances on the grid, exceeding allowable limits. 18 

Finally, EV use on-board AC to DC power electronics chargers. These converters are non-linear 19 
elements which generate harmonics by drawing current in short pulses instead of sinusoidal way. 20 
These harmonics can lead to problems in the distribution grids (US, 1994):  21 

 Overheating different devices of the distribution networks like conductors (due to the 22 

increment of RMS currents), transformers (due to the increment of iron and copper losses) 23 

and capacitor banks. 24 

 Malfunctioning of protection devices (fuses and circuit breakers) and meters. 25 

 Increasing currents through neutral conductor. 26 

Finally, from the consumers point of view, the increment of the load demand can lead to upgrade of 27 
the contracted power with their retailers and a possible need for reinforcement of their own electric 28 
installation. 29 

 Mobility and power system 4.1.330 

Uncertainties on data concerning EV-PHEV penetration and drivers’ habits make difficult to foresee 31 
and to estimate EV-PHEV impact on electric distribution networks.  32 

DATASIM project will improve the prediction of both spatial and temporal charging demand, allowing a 33 
better analysis of the impact of EV in the power system. 34 

 35 

  36 

                                                      
3
 A 10% reduction of voltage will reduce the power output by 19%, due to the power output is reduced as the 

square of voltage. 
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4.2  Methodology 1 

In this second scenario a bottom up approach have been done as it is shown in Figure 47. Starting 2 
with an analysis and electric characterization of the charging points, and then studying the impact of 3 
the charging process on several distribution networks. Thirdly, it is evaluated the impact of the 4 
transmission grid and finally, it is analysed the impact on the national production park. 5 

 6 

 7 

Figure 47. Methodology WP6-Task 6.2 8 

 9 

4.3 WP6-Task 6.2 Achievements 10 

 11 

 Analysis of Electric Vehicles’ charging (Fraile Ardanuy, González Perdomo, Álvaro 4.3.112 

Hermana, & Fuentes Gomáriz, 2014) 13 

 INTRODUCTION 4.3.1.114 

In order to analyze the impact of a large scale penetration of EV-PHEVs on the electric grid, the first 15 
step is to study the effect of the recharging process into the grid evaluating the rated consumed 16 
current, rated consumed power and current harmonics injected in the grid for each vehicle, as it is 17 
proposed at the bottom of the Figure 47. 18 

 For this analysis, both the data from manufacturers and field measurements were studied. 19 

Initially, a charging station was installed in a prototype of a self-sufficient solar building located at the 20 
Telecommunication Engineering School of the UPM (Figure 48 left). This charging station was 21 
connected to a network analyser to perform automatic measurements and the recorded data was 22 
storage in a database.  23 

The chargers of three different types of electric vehicles were analyzed: 24 

 Peugeot Ion (electric car, shown in Figure 48 right). 25 

 Renault Twizy (quadricycle, shown in Figure 55). 26 

 LEMev Stream (electric motorbike, shown in Figure 58). 27 
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 1 

Figure 48. Charger point installed (left) and vehicle charging (right). 2 

 VEHICLE ANALYSIS 4.3.1.23 

4.3.1.2.1 PEUGEOT ION 4 

In Table 4 the carmaker technical specifications of the Peugeot iOn battery are presented. 5 

Table 4. Peugeot iOn Technical Specs 6 

Peugeot iOn 

Battery Technology Lithium-Ion 

Battery Capacity: 16 kWh 

Type of charger Inside AC charger 

Rated charge voltage: 230 V 

Rated charge current: 16 A 

Rated power: 3.68 kW 

 7 

Figure 49 shows the power (left) and current (right) profiles of the charging process of this vehicle, 8 
from an intermediate state of charge to a point close to full charge. Figure 49 (left) corresponds to the 9 
power input, where two different periods are distinguished: a constant period at 3.14 kW and a slowly 10 
descending period in which the power input decays to a power close to 1 kW. The effects of EV 11 
charging will be more noticeable when the battery is charging at constant power, where the consumed 12 
power has a bigger value. 13 

 14 
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 1 

Figure 49. Power (left) and Current (right) evolution in a fragment of Peugeot iOn's charging curve. 2 

Electric current profile follows a similar tendency (Figure 49 right). It remains at around 14 A and then 3 
decays slowly to 5 A.  4 

Voltage (Figure 50), on the other side, slightly decreases once the charging starts (from 231 to 225 V) 5 
and then grows slowly once the amount of power required diminishes. Though significant, its value 6 
remains higher than that listed by the manufacturer (220 V) and within an admissible margin of ±5% 7 
(218.5-241.5 V).  8 

 9 

Figure 50. Left: Voltage evolution in a fragment of Peugeot iOn charging. Right: Detail. 10 

Figure 51 shows that an increase in power demand turns into a higher voltage drop in the line due to 11 
an increment in the current flowing to the car, thus decreasing the voltage at load’s terminals. 12 
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 1 

Figure 51. Voltage drop in line. 2 

Power factor (PF) remains at 0.995 during the charging period, implying that the load can be 3 
considered as purely resistive. It slowly decreases to a value higher than 0.98 at the end of the 4 
charging period (Figure 52 left). 5 

 6 

Figure 52. Power factor (left) and Total Demand Distortion evolution in a fragment of Peugeot Ion's 7 

charging curve. 8 

Finally, right side of Figure 52 displays the measurement of the Total Demand Distortion during the 9 
Peugeot Ion’s charging. It can be seen that, once the input power starts to diminish (minute 28), the 10 
TDD grows from 8.2% to a value close to 20%. Harmonic current generation decreases, but not as 11 
quick as does the fundamental harmonic (IF). The TDD responds to the following equations: 12 

Where Ih is the current for harmonic h. 13 

Table 5 compiles the main real electric magnitudes measured during the constant power period. 14 

 15 
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Table 5. Constant power period values during Peugeot iOn charging. 1 

Unit Value 

Power (kW) 3.140 

Current (A rms) 14.02 

Voltage (V rms) 224 

cos ϕ 0.995 

TDD (%) 8.2 

 2 

Figure 53 (left) shows the time evolution of voltage (sinusoidal profile at the center of the figure) and 3 
the time evolution of the consumed current (at the bottom). This second time signal is periodic but it is 4 
not completely sinusoidal. This signal can be decomposed into the sum of a set of simple sinusoidal 5 
functions (Fourier series decomposition), whose main components (harmonics) are highlighted in 6 
Figure 53 (right). It is shown that after the fundamental component (first harmonic), the third harmonic 7 
is the most significate one. 8 

     9 

Figure 53. Time evolution of voltage-current and harmonics component of Peugeot iOn. 10 

Table 6 displays the complete harmonic measurements with the maximum admissible limit in the 11 

European regulation (IEC 61000-3-2
4
). It can be seen that all harmonic components stay within its 12 

limit. 13 

Table 6. Current harmonic generated by Peugeot iOn and Spanish limits. 14 

Harmonic 
order n 

Peugeot iOn 
harmonic 
current 

Limit 
admissible (A) 

Harmonic 
order n 

Peugeot iOn 
harmonic 
current 

Maximum 
admissible (A) 

3 1.07 2.30 11 0.02 0.33 

5 0.27 1.14 13 0 0.21 

7 0.21 0.77 15≤n≤39 0 0.15x15/n 

9 0.15 0.40 

                                                      
4
 The standard IEC 61000-3-2 specifies the limits for current harmonic emissions applicable to electrical and 

electronic equipment having and input current up to (an including) 16 A per phase and intended to be connected 
to public LV distributions systems. 
IEC6100-3-12 specifies the limits for harmonic currents produced by devices with input current exceeding 16 A 
per phase and less than (or equal to) 75 A per phase. 
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Generation of synthetic power charging curve for Peugeot iOn 1 

From the data registered, a synthetic power charging curve for the Peugeot iOn was developed to be 2 
applied in other subsequent studies related to the impact of EV on the grid. This vehicle has a 16 kWh 3 
lithium-ion battery pack. This battery charges during two periods, one at constant power and another 4 
one in which the power input decreases according to an exponential. Adjusting the registered curve to 5 
an exponential in the form of: 6 

Where y0 + b is equal to the value at constant power (3140 W). Adjusting the curve to the experimental 7 

data (Figure 54), considering that the total energy to charge is 4 kWh = 1.44 · 10
7
 W · s and taking t=0 8 

as the instant in which the power starts to decrease, the values for the different parameters are 9 
obtained (Table 7). 10 

 11 

Figure 54. Charging power curve adjustment. 12 

 13 

Table 7. Constant power period values during Peugeot Ion charging. 14 

Equation’s parameters 

p 1.7 · 10
5
 

b 700 

y0 2440 
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4.3.1.2.2 RENAULT TWIZY 1 

 2 

Figure 55. Renault Twizy in ETSIT-UPM 3 

In Table 8 the technical specifications of the Renault Twizy battery and charger are described. 4 

Table 8. Renault Twizy technical spec 5 

Renault Twizy 

Battery Technology Lithium-Ion 

Battery Capacity: 6.1 kWh 

Type of charger Inside AC charger 

Rated charge voltage: 230 V 

Rated charge current: 10 A 

Rated power: 2.2 kW 

 6 

Figure 56 shows the power (left) and current (right) profiles of the charging process of this vehicle, 7 
during the constant power period. Figure 56 (left) corresponds to the power input with an almost 8 
constant value at 2.22 kW. Figure 56 (right) corresponds to the consumed current of 9.94 A. 9 

 10 

Figure 56. Power (left) and Current (right) evolution in a fragment of Renault Twizy’s charging curve. 11 
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Table 9 presents the main real electric magnitudes measured during the constant power period. It is 1 
observed that the TDD is greater than in the previous vehicle, meaning that this charger generates 2 
higher harmonic components and the consumed current will be more distorted. 3 

 4 

Table 9. Constant power period values during Renault Twizy charging. 5 

Unit Value 

Power (kW) 2.22 

Current (A rms) 9.94 

Voltage (V rms) 226.5 

cos ϕ 0.993 

TDD (%) 12.5 

 6 

Figure 57 (left) shows the time evolution of the consumed current (at the bottom). In this case, the 7 
voltage signal is not shown, but it is equal to the voltage profile shown in Figure 53. It is observed that 8 
the current signal is almost triangular instead of sinusoidal as it was expected due to higher TDD 9 
value. The main components (harmonics) are presented in Figure 57 (right). Again, the third harmonic 10 
is the most significate one. 11 

     12 

Figure 57. Time evolution of current and harmonics component of Renault Twizy 13 

Table 10 displays the complete harmonic measurements with the maximum admissible limit in the 14 
Spanish regulation. It can be seen that all harmonic components stay within its limit. 15 

 16 

Table 10. Current harmonic generated by Renault Twizy and Spanish limits. 17 

Harmonic 
order n 

Renault 
Twizy 

harmonic 
current 

Limit 
admissible (A) 

Harmonic 
order n 

Renault 
Twizy 

harmonic 
current 

Maximum 
admissible (A) 

3 1.15 2.30 11 0.0 0.33 

5 0.08 1.14 13 0 0.21 

7 0.0 0.77 15≤n≤39 0 0.15x15/n 

9 0.0 0.40 

 18 
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4.3.1.2.3 LEMEV STREAM 1 

 2 

Figure 58. LEMev Stream in ETSIT-UPM 3 

In Table 11 the technical specifications of the LEMev Stream battery and charger are presented. 4 

 5 

Table 11. LEMev Stream technical Spec 6 

LEMev Stream 

Battery Technology Litihum-Ion 

Battery Capacity: 4 kWh 

Type of charger Inside AC charger 

Rated charge voltage: 230 V 

Rated charge current: 3.5 A 

Rated power: 0.8 kW 

 7 

Figure 59 shows the power (left) and current (right) profiles of the charging process of this electric 8 
motorbike, during the constant power period. Figure 59 (left) corresponds to the power input with an 9 
almost constant value at 0.835 kW. Figure 59 (right) corresponds to the consumed current of 6.35 A. 10 

 11 

Figure 59. Power (left) and Current (right) evolution in a fragment of LEMev Stream’s charging curve. 12 
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Table 12 presents the main electric magnitudes measured during the constant power period. It is 1 
observed that this vehicle has the greatest TDD value, meaning that this charger distorted the 2 
consumed current significantly. 3 

 4 

Table 12. Constant power period values during LEMev Stream charging. 5 

Unit Value 

Power (kW) 0.835 

Current (A rms) 6.35 

Voltage (V rms) 230.5 

cos ϕ 0.9745 

TDD (%) 134 

 6 

Figure 60 (left) shows the time evolution of the consumed current (at the bottom). It is observed that 7 
the current signal is much distorted with periodic short peak instead of a sinusoidal wave as it was 8 
expected due to its highest TDD value. The main components (harmonics) are presented in Figure 60 9 
(right). Again, the third harmonic is the most significate one. 10 

      11 

Figure 60. Time evolution of current and harmonics component of LEMev Stream 12 

Table 13 displays the complete harmonic measurements with the maximum admissible limit in the 13 
Spanish regulation. In this case, all harmonic components are above the limits. 14 

 15 

Table 13. Current harmonic generated by LEMev Stream and Spanish limits. 16 

Harmonic 
order n 

LEMev 
harmonic 
current 

Limit 
admissible (A) 

Harmonic 
order n 

LEMev 
harmonic 
current 

Maximum 
admissible (A) 

3 3.30 2.30 11 0.66 0.33 

5 2.6 1.14 13 0.52 0.21 

7 1.82 0.77 15≤n≤39 0.43 0.15x15/n 

9 1.11 0.40 
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 CONCLUSIONS 4.3.1.31 

In this work, the electric charging characteristics (voltage, current, power, power factor) for different 2 
types of electrical vehicles are quantified. In particular harmonic emissions of these vehicles are 3 
identified. The results show that the harmonic distortion varies depending on the vehicle type and 4 
these values are within the limits defined by the standards, except for the charger of the electric 5 
motorbike. Due to the low power consumption of this vehicle, no significate impact on the distribution 6 
grid is expected. 7 

 8 

  9 
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 Impact assessment of EVs on building power installation (Alvaro Hermana R. , 4.3.21 

Gonzalez Perdomo, Fraile Ardanuy, & Artaloytia Encinas, 2014) 2 

One important aspect to keep in mind for stimulating the use of EVs is the economic and technical 3 
impact required by the adaptation of the current infrastructures.  4 

In this work, the electric network reinforcement costs of a public building (hotel) due to the installation 5 
of EV charging infrastructure has been studied. This reinforcement must comply with relevant 6 
regulations under the national Spanish law. 7 

An analysis of the electrical layouts of the current electric installation and a detailed inspection of the 8 
power transformer center, the electric control and protection panels, the electric equipment and the 9 
existing loads were carried out. Through of obtained data, the cost of the infrastructure reinforcement 10 
was evaluated. 11 

 BUILDING CHARACTERISTICS 4.3.2.112 

The building under study is a real hotel located in Madrid, Spain. It consists of 4 underground floors 13 
(two of them are parkings), ground floor, 7 upper floors and solarium. The hotel has 56 rooms, two 14 
meeting rooms, restaurant-bar, reception and business area. 15 

 16 

Figure 61. Hotel Transformation Center. Power Transformer Characteristics 17 

The electric power infrastructure from the hotel building is fed through power transformer of 400 kVA 18 
and 15/0.4 kV (shown in Figure 61), with switchgear to protection and measurement, connected to 19 
distribution network through a medium voltage line of 15kV. Downstream of power transformer it is the 20 
Main Low Voltage Panel (MLVP). This panel feeds three main circuits: one circuit feeds the air 21 
conditioning system the second circuit feeds a capacitor bank and the last circuit feeds the other 22 
significant consumptions in the building (i.e. lighting, kitchen, laundry, etc.). This third circuit is divided 23 
in fifteen subcircuits that feed the motors of the building (lifts, and hydro-pumps) and the different floor 24 
electric panels. These panels, in each floor, are subdivided in the circuits that feed the electric panels 25 
of rooms, corridors and common areas. 26 

4.3.2.1.1 ANALYSIS OF THE CURRENT ELECTRIC INSTALLATION 27 

The maximum power currently foreseen, considering all the electric loads installed in the building and 28 
their simultaneity factors imposed by the current regulations, is 290 kW.  29 
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To perform the economic impact of the installation of EV charging points in this building it is assumed 1 
that no additional modification in the input MV line or in the power transformer is allowed, due to the 2 
high cost of these replacements. Under this premise, the maximum number of chargers of 3.3 kW that 3 
can be installed is twenty-five, increasing the total maximum foreseen power until 384 kW. 4 

The first step of this evaluation was the inspection of all the electrical equipment and devices installed 5 
in the building. Parameters such as rated values of switchgears, cable cross-section, mechanical 6 
cable protection, etc. were checked and its fulfillment with the current Spanish regulations were 7 
verified. 8 

The second step was to analyze the real hotel consumption. This consumption has been monitored 9 
since 2012 through a web database platform named Power2Energy (Figure 62) that registers, every 10 
fifteen minutes, the data sent for several power network analyzers located in the main lines feeding the 11 
main consumptions of the building. 12 

 13 

Figure 62. Visualization of the web platform Power2Energy that monitories the hotel consumption. 14 

4.3.2.1.2 EVALUATION OF NETWORK REINFORCEMENT COSTS 15 

Different simulations using the software dmElect (www.dmelect.com) were performed in order to 16 
determine the best solution. This solution was to install a new circuit, exclusively for the chargers, 17 
located downstream of the Main Low Voltage Panel. This new circuit is composed of new electric 18 
panels, switchgears, cables and charging points (see Figure 63).  19 

Taking into account these new requirements, a cost estimation was done. There are a common 20 
infrastructure cost (with a nominal cost around 6,130 €) and then an additional 3,845 € costs per each 21 
charging point, as it is shown in Table 14 and Table 15. 22 

http://www.dmelect.com/
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 1 

Figure 63. dmElect software. Simulating the electric building installation 2 

 3 

Table 14. Budget for new circuit to feed charging points panel. 4 

Item Description 
 

Quantity Unit price (€) Total (€) 

Modular enclosure Low Voltage Panelboard 1 100 100 

4x95 mm2, 0.6/1 kV. Class 5 (-K) flexible copper conductors to IEC 
60228. Sector-shaped for 50 mm2 and higher cross-sections. Cross-
linked polyethylene – XLPE. Corrugated tinned steel tape for multi 
core cables (F3) or aluminum for single core cables (FA3). Halogen-
free thermoplastic compound (Z1), type ST8 to IEC 60502-1. 

30 m 165 4950 

Insulating cable tray 75x60 mm. For support, protection and 
conduction of cables. Good performance outdoor and to corrosion. 
Designed to support full load. Insulating material. 

20 m 8 160 

Thermal magnetic circuit breaker tetra polar. In 160A. Adjustable 
threshold. 

1 680 680 

Labour 8h 30 240 

  Subtotal 6130 € 

 5 

Table 15. Budget for installing each new charging point. 6 

Item Description 
 

Quantity Unit price 
(€) 

Total (€) 

Charger 3.7 kW, 230 V AC 1 3000-4000 3500 

1x4 mm2, 750V. Class 5 (-K) flexible copper conductors to IEC 
60228. Sector-shaped for 50 mm2 and higher cross-sections. Cross-
linked polyethylene – XLPE. Corrugated tinned steel tape for multi 
core cables (F3) or aluminum for single core cables (FA3). Halogen-
free thermoplastic compound (Z1), type ST8 to IEC 60502-1. 

40 m 2.5 100 

PVC reinforced flexible corrugated, D=10 mm 30 m 0.3 10 

Thermal magnetic circuit breaker tetrapolar 20 A. C trip shape,  1 25 25 

Differential Switch. 25A-30mA. Z trip shape. 1 150 150 

Labour 2h 30 60 

  Subtotal 3845 € 

  7 
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 Impact on a distribution network (Alvaro Hermana, González Perdomo, & Fraile 4.3.31 

Ardanuy, Impact of charging EV on a Flemish Semi-Urban Distribution Grid, 2012) 2 

 INTRODUCTION 4.3.3.13 

The main impact of a large number of EV charging on the electric grid is produced on the distribution 4 
networks.  5 

As it was mentioned before, the impact of EVs on the distribution grid takes place at different levels: 6 

 Transformer loading 7 

 Bus voltages 8 

 Voltages and current unbalances 9 

 Line loading 10 

 Harmonic distortion level  11 

 Losses 12 

All these effects have been deeply analyzed in different publications. In (Clement-Nyns, Haesen, & 13 
Driesen, 2010) authors have studied the impact on a residential distribution network for a Belgian 14 
case, analyzing the power losses and voltage deviations and proposing a coordinated charging 15 
strategy to reduce this impact. The radial network for the analysis was the IEEE 34-node Medium 16 
Voltage (MV) test feeder downscaled to 240 V to represent a residential distribution grid and the 17 
electric vehicle loads are randomly applied to different nodes in this network but no mobility 18 
information was used. 19 

Multi-objective optimization programming is also employed to reduce the impact of EV charging. In (Li, 20 
Bai, & Tan, 2012) the problem of coordinating the charging of EVs in the small distribution network is 21 
solved employing the multi-objective function (30). The first term minimizes power losses, while the 22 
second term penalizes off-limits voltages.  23 

Compared to the off-peak charging strategy, the smart charging strategy proposed is significantly 24 
more efficient for its both purposes once a sufficiently high penetration of EVs is reached. Both 25 
strategies performed significantly better than random charging for the two penetration level studied. 26 

Reference (Qian K. , Zhou, Allan, & Yuan, 2011) proposes a stochastic method for predicting the EVs 27 
charging load and its effect over the distribution network. An 11-kV 38-node electric network was used 28 
to model the distribution system and this grid was used to determine the impact of EV charging load 29 
on the system load curve. Depending on the assumed market penetration rate of EVs, the daily peak 30 
demand was increased up to almost 36% for the worst-case charging scenario. Authors also studied 31 
the congestion level of the main line sections of the network, but in this particular case, only one line 32 
exceeds its rated capacity in one of the simulated scenarios. 33 

Reference (Shao, Pipattanasomporn, & Rahman, 2009) analyzed the impact of charging EVs on a 34 
single distribution transformer under different charging scenarios. Depending on these scenarios, the 35 
transformer can be overloaded and authors proposed several solutions to prevent it. 36 

In (Turker, Bacha, Chatroux, & Hably, 2012), a transformer thermal model is employed to determine 37 
the life duration of a distribution transformer. The transformer feeds an aggregated load of houses and 38 
different integration levels of PHEVs. Load profiles for the houses are modelled using public data, 39 
considering the disparity of people per houses and seasonal variations, and then all load profiles are 40 
aggregated. The load corresponding to the PHEVs is obtained according to a probabilistic algorithm 41 
that selects the category, the type of PHEV for each house, the energy requirement and the start time 42 
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of the charging period. The aging rate grow due to the integration of PHEVs is found to be exponential 1 
with the number of houses fed by the transformer. 2 

In (Sexauer, McBee, & Bloch, 2013) a method employing a binomial distribution is used to model the 3 
probability that a distribution transformer will be overloaded. Using the resulting data, a transformer 4 
replacement strategy is determined. The usage of a strategy that minimizes the electric vehicle impact 5 
is not considered in the article, which will reduce the impact of the total vehicle fleet. 6 

Authors in (Zhao, Prousch, Hübner, & Moser, 2010) analyzed the impact of charging EVs in Medium 7 
Voltage (MV) grid (with distributed generation) and various Low Voltage (LV) grids, simulating the 8 
distribution of nodal voltages and current congestions of the network lines. In this work it is 9 
demonstrated that the LV-grids limit the penetration of EVs. 10 

Author in (Papadopoulos, et al., 2010) have studied the impact of EVs on a typical UK distribution 11 
network, analyzing the voltage drops, losses in the distribution network and the distribution transformer 12 
overloading. 13 

Most of these previous works were based on a detailed study of small-scale distribution systems. 14 
Reference (Pieltain Fernández, Roman, Cossent, & Domingo, 2011) have studied the increase in the 15 
investment cost on large-scale real distribution networks due to different penetration rates of EVs. In 16 
this case, investment costs can grow up to 15% and energy losses in the network can increase up to 17 
40% during off-peak hours for a scenario with 60% of EV penetration rate. 18 

In order to reduce range anxiety, fast charging stations should be deployed in the near future 19 
throughout cities and countries. In (Yunus, Zelaya, & Reza, 2011) the impact of using fast charging on 20 
a distribution transformer and the voltage drops on a distribution network nodes are studied. In this 21 
case, the bus voltages dropped below the admissible limits, but in this case authors only suggest that 22 
a necessary action must be taken to avoid this situation. 23 

During the system exploitation, voltage and current unbalances must remain within safe limits, as 24 
enforces the distribution system operator. According to the standard (IEEE Recommended Practice for 25 
Monitoring Electric Power Quality), the allowable limit for voltage unbalance (VU) is limited to 2% for 26 
LV networks. In (Shahnia, Ghosh, Ledwich, & Zare, 2011) a stochastic evaluation, based on Monte 27 
Carlo method, is performed to evaluate voltage unbalance sensibility at a residential distribution grid. 28 
The studied grid consists of one 11kV overhead line feeding three distribution transformers, each one 29 
feeding a separate grid. It is assumed that each vehicle has the same probabilities of charging at three 30 
different power levels. The uncertainty of PEV location is modelled as a uniform distribution for both 31 
distance to the transformer and connection phase. The number of PEVs is chosen within a normal 32 
distribution according to the chosen penetration level. Finally, the network load demand is chosen 33 
within a normal distribution for each house. The probability density function (PDF) of voltage 34 
unbalance for the different nodes and penetration level are calculated. 35 

 36 

Figure 64. Probability distribution. (Shahnia, Ghosh, Ledwich, & Zare). 37 

It is found that EVs will have small impact in voltage unbalance at the connection point, but may 38 
increase it at the end of the feeder to more than the standard limit. The probability of surpassing the 39 
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limit is high, as can be seen in Figure 64. For a 30% penetration of EVs, 34% of the cases present a 1 
VU higher than 2% at the end of the feeder. 2 

Line loading is evaluated as the ratio between actual load and base load, in percentage. The base 3 
load of a line, as in the case of a transformer, is the maximum power that can flow within a line without 4 
surpassing the thermal level of the conductor. In (Richardson, Flynn, & Keane, 2010), the electric 5 
vehicles are modelled as monophasic loads to perform steady-state analyses of line and phase 6 
voltages and line loading in the distribution network from Figure 65.  7 

 8 

Figure 65. Distribution network studied in (Richardson, Flynn, & Keane). 9 

The importance of considering unbalanced loads is highlighted by checking the effect of continuously 10 
adding vehicles charging in the same phase, as in Figure 66. It can be observed the importance of 11 
considering household loads as constant power loads (left) or constant impedance loads (right). A 12 
more realistic scenario is to consider them as a mixture of both. The difference between each phase of 13 
the line is not as important as for bus voltages, but it shall also be taken into account (Figure 67). 14 

 15 

 16 

Figure 66. Effect of unbalanced loads in bus voltages. Left: household loads as constant power loads. 17 
Right: household loads as constant impedance loads. (Richardson, Flynn, & Keane) 18 
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 1 

Figure 67. Effect of unbalanced loads in line loading per phase. (Richardson, Flynn, & Keane). 2 

In (Bentley, et al., 2010), the effect on power quality of multiple EV chargers in a distribution network is 3 
studied. Different type of charger configurations and their current harmonic distortion are described. 4 
Then, the effect of adding up to four equal chargers is analysed for every type of charger. The effect of 5 
diversity is studied by varying the battery voltage and, thus, the duty cycle. A diminishing in the total 6 
harmonic distortion is obtained for every case. The distortion diminishing tendency softens once the 7 
third or fourth vehicle is added, suggesting no additional benefit can be gained by the simple addition 8 
of vehicles. 9 

Additionally, the Fourier series of a leading-edge PWM is obtained, which can be used to establish a 10 
PWM operating regime which can produce any given harmonic at a pre-determine amplitude and 11 
phase. This would allow its usage for harmonic cancellation. 12 

Finally, losses reflect the previously mentioned impacts on the distribution network. Bus low-voltages 13 
and line and transformer loading are the main contributions to system losses. Besides, vehicle loads 14 
are usually modelled as three-phase balanced load, so the side-effect losses due to unbalanced is not 15 
considered. 16 

Coordinated charging has been proposed as a solution to minimize power losses while maximizing the 17 
usage of distribution grid. In (Sortomme, Hindi, MacPherson, & Venkata, 2011) load factor and 18 
variance based objective functions are used to minimize system losses and improve voltage regulation 19 
through the coordinating PHEV charging. Their main advantages are that these objective functions are 20 
convex and that they can be easily integrated as loss constraints in other optimal programing 21 
problems. Quadratic programing is thus used to coordinate the hourly charging of PHEV vehicles of a 22 
9 and an 18-bus distribution system with a single feeder for a single day. Minimizing load variance is 23 
found to be more versatile than minimizing the losses, obtaining an almost identical result while 24 
requiring a smaller amount of time. The losses reduction gets more significant as the EV penetration 25 
increases, from a mere 6% with a 10% penetration rate to a 28% reduction with a 100% penetration. 26 
The effect of the employment of reactive energy to reduce losses is not studied here. 27 

In most of these papers, an electric distribution network model is assumed and the location of the new 28 
loads due to the EV charging is done randomly, which is not realistic. It seems clear that in some 29 
areas, there may be a higher concentration of vehicles because of different reason (there is a mall in 30 
this area, for example). This is the main reason why it is necessary to take into account more complex 31 
mobility approximations. For example, in (Soares, Peças, Rocha, & Moreira, 2011) a discrete-state, 32 
discrete-time Markov chain Monte Carlo simulation is used to predict EV routes in a one year period 33 
and their consumptions.   34 

In (Li C. T., 2012)starting from a PHEV charging demand model, authors use queuing theory to 35 
describe the behavior of a great number of vehicles at an EV charging station and in a residential 36 
community.  37 

There are some papers where algorithms for the spatial-temporal localizations of electric vehicle 38 
demand are developed and constitute the main progress of the paper. (Galus, Waraich, & Anderson, 39 
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Predictive, distributed, hierarchical charging control of PHEVs in the distribution system of a large 1 
urban area incorporating a multiagent transportation simulation, 2011) and (Galus, Waraich, 2 
Noembrini, & Steurs, 2012) have proposed an integration of agent-based transportation micro-3 
simulation and the electricity power network. In order to have accurate mobility simulations, a realistic 4 
vehicle energy model has also been developed. The obtained mobility information, which provides 5 
detailed spatial and temporal data about PHEVs, has been integrated into the Zurich electricity 6 
medium voltage (MV) network. A study of the number of overloaded transformer substations has been 7 
performed and a hierarchical control algorithm has been developed to ensure that the transformers at 8 
different voltage levels (22 kV and 150 kV) were not overloaded. These analysis is basis of the work 9 
presented in this chapter, but with several important differences: (Galus, Waraich, & Anderson, 2011) 10 
only evaluates the mobility in a city area (Zurich) and authors have available the daily load curve from 11 
real measurements of real and reactive power values for each of the 33 transformers in the 150-22 kV 12 
substations, in time intervals of 15 minutes. 13 

In (Galus, Waraich, Noembrini, & Steurs, 2012) a charging control algorithm is proposed and it is 14 
shown that network congestion can be mitigated using adequate control signals. To demonstrate the 15 
behavior of the control system, authors model four energy hubs with generic transformer ratings, 16 
assuming that these transformers are loaded around 50% of their rating during the peak load times. A 17 
similar approach is proposed in this chapter, where some of the substation transformer rating 18 
information and load ratios are also assumed and justified. 19 

There are some EU projects related specifically to the impact of EV in the electric grid. For example, 20 
the main objective of the Grid for Vehicle (G4V) EU project (http://www.g4v.eu) is to develop an 21 
analytical method to evaluate the impact of a large scale introduction of EV and PHEV on the grid 22 
infrastructure. Some of the partners of this project are distribution system operators (DSOs) such as 23 
Endesa (Spain), Enel (Italy), EDF (France), EDP (Portugal), RWE (Germany), etc. These partners 24 
have shared different distribution grids models to evaluate the effect of electric vehicles charging over 25 
them. 26 

The Mobile Energy Resources in Grids of Electricity (MERGE) EU project (http://www.ev-merge.eu)   27 
perform an assessment of the behavior of power systems with a large penetration of electric vehicles. 28 
In this case, some studies related to the estimation of the additional investment cost in the distribution 29 
networks due to penetration of EVs have been developed. Again, the project consortium is formed by 30 
a multi-disciplinary group composed by research centers, System Operators (transmission and 31 
distribution grids), regulators and automotive industry connected partners with easy access to 32 
distribution network models.  33 

 IMPACT ON SEMIRURAL DISTRIBUTION SYSTEMS 4.3.3.234 

Thanks to the collaboration between IMOB and UPM, UPM have got access to a real semi-urban 35 
Belgian distribution network, which scheme is presented in Figure 68. This network was provided by 36 
Infrax (http://www.infrax.be/). 37 

 38 

Figure 68. Distribution grid's single-line scheme. 39 

The grid consists of 71 nodes, one feeder, one substation transformer and, 62 loads (households). 40 
Some of the houses are equipped with photovoltaic panels, thus incorporating distributed generation 41 

http://www.infrax.be/
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to the system. Electric vehicles are added to the households randomly according to different 1 
penetration levels. 2 

This network was modeled using a power system analysis software called DigSILENT 3 
(www.digsilent.de ). Grid model is shown in Figure 69. The feeder has been designed as a real 4 
constant voltage source at 10 kV. The substation transforms the voltage to 0.4 kV. All main distribution 5 
cables have been calculated according to Belgian standard design specifications for underground 6 
distribution cables. EAXVB 1 kV 4_150 mm2 except for the cable from nodes 2 to 4, which is EAXVB 7 
1kV 4_95. 8 

 9 

Figure 69. Grid model in DIgSILENT. 10 

A small variable load model was developed in order to incorporate the variable charging load from 11 
electric vehicles and the generation due to photovoltaic panels. Households are represented as 12 
variable loads for which active and reactive power are defined at each time period (Figure 70). The 13 
value is the sum of the household load plus the vehicle load minus the photovoltaic generation. The 14 
vehicle load was taken from the synthetic power curve obtained from section 4.3.1.2.1. The household 15 
consumption profile, with hour resolution, was obtained from the Flemish Regulator of Electricity 16 
Market (VREG, n.d.). It is assumed that all household consumptions are equal, representing the worst 17 
case, because usually, no all users are consuming the same amount of electricity at the same time. 18 

 19 

Figure 70. Load model. 20 

 RESULTS 4.3.3.321 

The most critical line, named line 2, is located between node 4 and 17 (see Figure 68). This line is 22 
feeding other additional branches and it transports the highest current flow, observing the highest 23 
power losses. 24 

http://www.digsilent.de/
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 1 

Figure 71. Voltages and current in the nodes of line 2. 2 

Figure 71 shows the voltage and current magnitudes in each node of the line at the most charged 3 
hour. It is observed that including EV on the distribution grid will almost double the consumed current 4 
(from 50 A to 100 A in node 1, for example), increasing the power losses in the system and producing 5 
voltage drops in the line. Anyway, this voltage drops are within the regulatory limits, therefore no 6 
additional problems appear in this scenario. 7 

 CONCLUSIONS 4.3.3.48 

In this work the impact of EV charging on a Flemish semi-urban distribution network has been 9 
performed. In this particular example, no significate effects are observed and all electric values are 10 
within the regulatory limits, avoiding the necessity of grid reinforcement. 11 

Anyway, the impact of EV charging on the distribution electric grid is very dependent on the particular 12 
network under analysis and it is not possible to generalize the results for all distribution networks at it 13 
was also demonstrated in other more specific European Projects (see for example, www.g4v.eu).  14 

 15 

  16 

http://www.g4v.eu/
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 Analysis of the impact of charging PHEV-EV in the Belgian transmission grid 4.3.41 

(Alvaro, Gonzalez, Fraile-Ardanuy, Knapen, & Janssens, 2013) 2 

 INTRODUCTION 4.3.4.13 

Although the main impact of the EV charging on the power systems is located at the distribution 4 
network level, it may also appear additional problems (like congestions) at higher levels of the 5 
electrical power system. 6 

In this work the impact of electric mobility on the Flemish transmission grid is described. An activity-7 
based mobility model are used to provide spatial and temporal information about the energy and 8 
power consumed by EV when they are recharged in different mobility areas. This demand is added to 9 
the background load demand (due to the rest of the loads connected to the electric grid) and the 10 
effects over the transmission substations are analyzed. 11 

 ACTIVITY MODEL INFORMATION 4.3.4.212 

Mobility information has been provided by the Transportation Research Institute (IMOB) in Hasselt 13 
University (Knapen, Kochan, Bellemans, Janssens, & Wets, 2011) based on an activity-based (AB) 14 
micro-simulation model, called Feathers. This model allows predicting daily schedules for people over 15 
the Flemish region under study. In this case, a synthetic population of different agent is built, where 16 
every agent simulates an inhabitant of this region. The behavioral characteristic for each synthetic 17 
inhabitant is based on real travel behavior OVG surveys, generating a very precise micro-simulation 18 
model of activity-travel demand.  19 

The AB mobility model divides the Flanders region (6 million inhabitants on 13000 km
2
) in 2368 20 

different zones with an average area of 5.5 km
2
 per zone and its output is a complete schedule list for 21 

the whole population. Each schedule is composed by an activity - trip associated with a specific 22 
member of this population. This schedule contains information related to the kind of activity (work, 23 
shopping, bring-get, etc. although in this study only work or non-work activities were distinguished), 24 
trip information (departure time, trip duration, origin and destination zones, traveled distance, etc.) and 25 
transportation mode (by foot, by train, by car, etc.). 26 

 27 

Figure 72. Flanders mobility regions under study (Knapen, Kochan, Bellemans, Janssens, & Wets, 2011) 28 

To estimate the electricity energy demand and the peak power demand as a function of time and 29 
location due to EVs deployment, some assumptions related to the total battery capacity of these 30 
vehicles, rated energy consumption and rated power of chargers were done in (Knapen, Kochan, 31 
Bellemans, Janssens, & Wets, 2011). From these assumptions, different charging scenarios (i.e. start 32 
charging as soon as the car arrives home, star charging as soon as the low tariff period starts, etc.) 33 
and different market penetration scenarios for EVs were analyzed and the peak power demand and 34 
the energy demand were evaluated for each scenario.  35 
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Figure 72 shows the peak power demand during low tariff hours for each Flemish mobility region. 1 
Darker areas on the map correspond to higher electric energy consumption due to EVs charging. 2 

Although the main impact of EVs on the power system will be more important on the electric 3 
distribution network, the granularity of the activity-based model (with 2368 mobility zones with an 4 
average surface of 5-6 km

2
) prevents to analyze this impact in such detail. Therefore, the analysis will 5 

be specifically focused on the Flemish transmission network. 6 

The first step to evaluate possible problems on this electric network is to add the electricity demand 7 
due to EVs for each zone (see Figure 72) to the already existing background electricity demand for 8 
each mobility zone. Unfortunately, only countrywide aggregated time depend electricity consumption 9 
data is easily available and therefore, the total countrywide existing background electricity demand 10 
must be spatially disaggregated for each mobility zone firstly. 11 

 DISAGGREGATION OF THE EXISTING BACKGROUND ELECTRICITY DEMAND  4.3.4.312 

For each mobility zone, the total time depend electricity energy demand will be divided in three 13 
different components:  14 

 EV load demand per zone, obtained from the AB-model. 15 

 Domestic load demand per zone. 16 

 Additional electric load demand per zone. 17 

4.3.4.3.1 DOMESTIC LOAD PER ZONE EVALUATION 18 

To estimate the time depend domestic load demand per mobility zone, the annual synthetic average 19 
domestic load per household in Flanders, with hour resolution was obtained from the Flemish 20 
Regulator of Electricity Market (VREG, n.d.). 21 

The population available in each mobility zone was obtained from the AB-model and, statistics about 22 
population and demographic data from the Eurostat website was used to evaluate the total number of 23 
households per mobility zone. The number of households per zone was determined by evaluating the 24 
quotient between the population per zone and the average number of people per house in Flanders 25 
(EUROSTAT, n.d.): 26 

Where i is the mobility zone index: i ϵ (1,2368) zones. 27 

Hzi denotes the number of houses per zone, Pzi is the population per zone and ANPzi is the average 28 
number of people per zone i. 29 

Multiplying the number of households by the annual synthetic average domestic load per house 30 
(VREG, n.d.), an initial total domestic load per mobility zone was obtained. In this case, all mobility 31 
areas had the same consumption profile but multiplied by a scaling factor proportional to the 32 
population per area. 33 

This situation is not realistic because all peak demand coincides in time and, in order to avoid that the 34 
total 2368 mobility areas have the same consumption profile, some variability need to be given to this 35 
data. Due to that, the behavior of electric domestic consumption from nearly 2500 domestic customers 36 
extracted from smart meters provided by a Spanish Distributor Operator was analyzed. These smart 37 
meters have been installed in households with demanded power below 15 kW, since 2011, and they 38 
have been collecting great amounts of data about domestic consumption with high reliability, with a 39 
failure rate in communications less than 1%. After analyzing the data, it is observed that a Weibull 40 
probability distribution function fits with observed data.  41 
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 1 

Figure 73. Comparison between the average real Spanish measurements and synthetic profile load 2 
demand in Flanders (left). 2500 measurements from Spanish smart meters (right) 3 

In Figure 73-right the measurements from 5 of 2500 smart meters and the total average profile are 4 
presented. It can be shown that there are different behavior patterns in the real consumption profiles, 5 
because not all customers consume the same energy at the same time of day. From these data, the 6 
mean and variance values per hour were evaluated. In order to use this information in Flanders, a brief 7 
comparison between the average value of the Spanish real measurements and the synthetic profile of 8 
load demand in Flanders for the same day of the year was also done (see Figure 73-left). Both profiles 9 
have similar amplitudes and there is only a two-hour shift in the evening peak demand.  10 

Assuming the annual synthetic average domestic load per household in Flanders as an average value, 11 
new domestic demand profiles have been generated for each household in each mobility area, based 12 
on the variance evaluated in the Spanish case. 13 

The sum of all these domestic consumptions per household is the total domestic demand per zone. In 14 
this case and because of some variability has been given to the initial data, the total domestic demand 15 
profiles are slightly different from zone to zone. 16 

4.3.4.3.2 ADDITIONAL DOMESTIC LOAD PER ZONE EVALUATION 17 

Since no information about the actual industrial electrical consumption per zone was available, it was 18 
assumed that all electric demand in Belgium due to this type of loads was consumed almost 19 
homogeneously along the country with a higher ratio in areas located in Flanders. This takes into 20 
account that, according to statistics about industrialization of main regions of Belgium, extracted from 21 
(EUROSTAT, n.d.), the Flemish region is more industrialized than the rest of the country. 22 

The total electric demand for Flanders was evaluated by multiplying the total electric demand for the 23 
whole country, available on TSO Elia website (Elia, 2014), for a scaling factor proportional to the 24 
Flanders population.  25 

Where Fr is the Flemish ratio, Fp is the Flemish population and Bp is the total Belgian population. 26 

Where FTd is the Flemish total electric demand and BTd represents the Belgian total electric demand. 27 
Rest of electric consumption in Flanders region, named OFC (Other Flanders Consumptions), is 28 
evaluated by subtracting the total electric demand in Flanders and the total electric domestic demand 29 
for all mobility zones in Flanders, named Fddi: 30 

 
Bp

Fp
Fr   (32) 

 BTdFrFTd .  (33) 
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 1 

A zone ratio, Zr, is defined as the ratio between the population per zone, Zp, and Flemish population, 2 
Fp: 3 

The electric demand profile of the rest of electric load consumptions in each zone i, OFCzi, is obtained 4 

multiplying the zone ratio, Zr, by the rest of electric consumption in Flanders region, OFC.  5 

 FLEMISH TRANSMISSION GRID DESCRIPTION 4.3.4.46 

The transmission electric grid in Flanders, shown partially in Figure 74, consists of 179 transmission 7 
substations with several voltage levels from 380 kV to 70 kV (Elia, 2014). The electric capacity of 8 
these substations is between 40 MVA to 800 MVAs (Schavemaker & van der Sluis, 2008). These 9 
substations have a rated power capacity that should not be exceeded under any load scenario, 10 
therefore during the simulation and analysis this condition is evaluated for each substation. 11 

 12 

Figure 74. Belgian High Voltage transmission grid (2012) (Elia, 2014) 13 

To simulate the impact of charging electric vehicles on the electric grid, an assignment procedure to 14 
allocate the total electric load demand profile of each mobility zone to the nearest transmission 15 
substation has been developed based on the closest distance between the mobility area centroid and 16 
the substation location (see Figure 75). As aforementioned, there are more mobility zones than electric 17 

substations, therefore there will be several mobility zones fed by the same substation. 18 
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 1 

Figure 75. Allocating of mobility zones to the nearest substation 2 

The following step is to calculate the centroid of each mobility zone. Each mobility zone is defined by a 3 
closed polygon defined by n vertices (x0, y0), (x1, y1), ..., (xn-1, yn-1), (xn, yn). This last vertex is assumed to 4 
be the same as the initial vertex defined by (x0, y0). The coordinates of the centroid (cx, cy) is evaluated 5 
through the following equations: 6 

Where A is the area of the polygon is given by: 7 

The next step in the algorithm is to compute the distance between the centroid of each mobility zone 8 
and each electric substation, denoted by distk. The position of the k-substation is defined by its 9 
coordinates (sxk, syk): 10 

The i mobility zone is assigned to the nearest substation, ASSi: 
11 

 IMPACT ON THE FLEMISH TRANSMISSION GRID. RESULTS 4.3.4.512 

Several mobility and charging scenarios are simulated in this work, analyzing the effect of the total 13 
electric demand on the Flemish electric grid.  14 

Two scenarios are analyzed: 15 

 Scenario 1, where owners start charging their EVs as soon as possible during the low tariff 16 

period. 17 

 Scenario 2, where owners start charging their EVs uniformly distributed in time, adopting a 18 

decentralized smart grid strategy to avoid problems in the electric grid. 19 
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Vehicle electrification rate simulated are divided in two different cases:  1 

 Case 1. 5% of EVs rate penetration  2 

 Case 2: 10% of EV rate penetration. 3 

It is observed that the charging scenario has a great incidence on the power demand profile. For 4 
example, in Figure 76 and Figure 77 it is shown the total power demand profile for the different 5 
charging scenarios under same penetration rate for the same transmission substation (10% of EV 6 
penetration rate). 7 

 8 

Figure 76. Charging Scenario 1 in Case 2 9 

Under an uncontrolled charging scenario (scenario 1, shown in Figure 76), a high peak at the start of 10 
the low tariff period is produced in this profile. With a controlled charging scenario (scenario 2, shown 11 
in Figure 77), the total amount of energy is shared among different hours during the day, avoiding the 12 
previous high peak. 13 

 14 

Figure 77. Charging Scenario 2 in Case 2 15 
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 CONCLUSIONS 4.3.4.61 

The main conclusions to highlight in this study are the following: the mobility zone with the highest 2 
electric demand does not have to be supplied by the most loaded substation neither by the substation 3 
whose load is the most increased by the penetration of EVs.  4 

At the transmission grid level, no problems have been observed in the substations, taking into account 5 
the operational constraints. 6 

It has been observed an increment in the average load in the transmission substation, during some 7 
hours. In some critical scenarios, this increment can reach up to 25-30% in some substations.  8 

 9 

  10 
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 Analysis of the impact of charging PHEV and EV in the Spanish national electric 4.3.51 

capacity (Fraile-Ardanuy, et al., 2012) 2 

 INTRODUCTION 4.3.5.13 

This work studies the effect of different penetration rates of plug-in hybrid electric vehicles (PHEVs) 4 
and electric vehicles (EV) on the Spanish electrical system capacity. A stochastic model for the 5 
average trip evaluation and for the arriving and departure times is used to determine the availability of 6 
the vehicles for charging. A novel advanced charging algorithm is proposed, which avoids any 7 
communication among all agents.  8 

 ASSUMPTIONS 4.3.5.29 

4.3.5.2.1 PHEV-EV 10 

The battery capacity of these types of vehicles can vary between 4 kWh used in some plug-in hybrid 11 
electric vehicles (PHEVs) and 85 kWh used in full electric vehicles (EVs) (see section 3.3.1). In this 12 
work a 16 kWh (corresponding to Citröen Z-Cero EV or an Opel Ampera PHEV) is selected and this 13 
value is kept constant for all vehicles. 14 

In order to increase the battery life time, a maximum of 81.25% depth of discharge (DoD) will be 15 
allowed, reducing the effective capacity to 13 kWh.  16 

The driving efficiency is fixed to 4 km/kWh. This value is very conservative, because the Opel Ampera 17 
has a driving efficiency of 5 km/kWh (Opel, 2012) and Citroen C-zero has a driving efficiency of 9.37 18 
km/kWh (Citroen, 2012). Table 16 summarizes the main vehicle model specifications. 19 

 20 

Table 16. PHEV-EV model specifications 21 

Vehicle characteristics 

Battery size 16 kWh 

Depth of Discharge 81.25 % 

Effective battery size 13 kWh 

Charging efficiency 90 % 

Driving efficiency 4 km/kWh 

 22 

4.3.5.2.2 ELECTRIC POWER SYSTEM 23 

Spanish household has, at least, a single phase 230 V, 5750 W, 25 A connection, therefore in this 24 
work it is assumed a charging current of 16 A, with a charging power limited to 3.68 kW. 25 

A summer load profile has been selected from Spanish System Operator, Red Eléctrica de España 26 
(España, 2011). This load profile is the highest in the summer of the 2011 and covers 24 hours. In this 27 
study, no correction for the rise in the load demand was made, thus it is assumed that load demand 28 
(apart from that due to EV charging) was kept constant for the evaluation period. 29 

4.3.5.2.3 MOBILITY 30 

The average trip number in Spain is 3 trips per day and the average trip length is 13.3 km (FIA, 2012), 31 
thus the average distance travelled per day is close to 40 km. A probability density function, based in a 32 
gamma function given in (53), is used to select the distance trip for an individual traveler, as shown in 33 
Figure 78. 34 
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 1 

Figure 78. Distribution for average travel distance per day 2 

Given the average daily travel distance and the driving efficiency (defined in Table 16), the required 3 
electrical energy is evaluated for each vehicle. From this information, the time needed for recharging 4 
can be determined. 5 

Arriving and departure time to/from home is modelled by Rayleigh probability functions modelled by 6 
(54), similar to the distribution probability functions proposed in (Geth F. , Willekens, Clement, Diresen, 7 
& De Breucker, 2010) and (Qian K. , Zhou, Allan, & Yuan, 2010). 8 

Figure 79 shows the distribution for arriving and departure times. 9 

 10 

Figure 79. Departure and arriving times distribution 11 

4.3.5.2.4 EV MARKET PENETRATION RATE 12 

In this work, it was assumed that, according to Spanish electric mobility plan MOVELE (IDAE, 2012), 13 
there will be around 250,000 electric vehicles in the fleet before the end of 2014. Based on this plan, a 14 
prospective growth study were performed in (Cruz & Santadreu, 2010) and a proposed Spanish 15 
market penetration rates were obtained. The result of this study is summarized in Figure 80.  16 
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 1 

Figure 80. EV market penetration prospective 2 

 PROPOSED SCENARIOS 4.3.5.33 

This study considered six EV charging scenarios to help to understand the aggregate effects of EV 4 
charging. The proposed scenarios are arranged in order of negative impacts in the grid (from the worst 5 
impact to the best one) and three different penetration rates are simulated for each scenario: 2014 6 
(252,000 EV), 2017 (3,600,000 EV) and 2019 (6,100,000 EV). It is assumed that all the batteries must 7 
be fully charged at the end of the charging period. 8 

 Empty
5
 double tariff

6
 uncontrolled scheme (ES1). All PHEV-EVs are completely 9 

discharged when they are plugged in. Users have dual tariff and all vehicles are recharged 10 

only during the off-peak hours. 11 

 Empty single tariff uncontrolled scheme (ES2). Again, all PHEV-EVs are completely 12 

discharged but users have a single tariff scheme. Vehicles are recharged when drivers arrive 13 

home in the evening following the distribution shown in Figure 79. 14 

 Empty single tariff charging with end by departure uncontrolled scheme (ES3). Similar 15 

to ES2 but all empty batteries are recharged just before the morning departure defined in 16 

Figure 79 and taking the advantage of charging during the low electric demand period. 17 

 Empty single tariff charging with advanced scheme (ES4). Similar to ES2 and ES3 but the 18 

charging time of an individual vehicle is chosen randomly from a standard uniform distribution 19 

on the open interval between the arriving time for and its departure time minus the time 20 

needed to fully recharge its battery (191 minutes). 21 

 Partially single tariff charging with advanced scheme (ES5). All batteries have a different 22 

initial SoC and vehicles are recharging choosing randomly a charging time between the 23 

arriving time for and its departure time minus the time needed to fully recharge its battery. 24 

 Partially single tariff charging with advanced scheme 2 (ES6). This scenario is similar to 25 

the ES5, but the charging time of an individual vehicle is chosen randomly between the start of 26 

the off-peak tariff and the departure time (minus the time needed to fully recharge the battery), 27 

instead of between the arriving time and the departure time minus the time needed to 28 

recharge the battery (ES4 and ES5). 29 

                                                      
5
 Empty and partially are referred to the initial State of Charge of the vehicles’ batteries. In ES1-ES4 Scenarios all 

batteries are completely empty when the vehicles are plugged in the grid. In ES5-ES6 Scenarios each vehicle 
travels a distance defined by the traveled probability density distribution, so the initial states of charge are when 
they are plugged in are different among all batteries. 
6
 The high and low tariffs are two different prices for consumed electricity, which are applied to “double-tariff” 

products. The low tariff is an advantageous price valid always for a certain part of the day – all the electricity you 
consume during this period is billed at a lower price. Single-tariff products have only one price for consumed 
electricity. 
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 RESULTS 4.3.5.41 

4.3.5.4.1 2014 YEAR PENETRATION 2 

 3 

Figure 81. Power demanded by electric vehicles (ES1-ES4). 4 

Figure 81 shows the estimated power demanded by the PHEV-EVs in 2014 (with 250,000 EV) for the 5 
ES1-ES4 scenarios.  6 

In ES1 scenario (black line), the set-time for charging is 23:00 and all electric vehicles (with their 7 
batteries completely empty) start to charge at the same time.  8 

In ES2 scenario (green line) the charging time is distributed following the arriving pattern. PHEV-EVs 9 
will be charged when drivers arrive home in the evening following the arriving distribution pattern 10 
shown in Figure 79.  11 

In ES3 scenario (blue line) all PHEV-EVs have the same charging time (around 3.2 hours), because it 12 
is assumed that their batteries are depleted, and start to charge 3.2 hours before their departure time, 13 
during the early morning.  14 

Finally, during ES4 scenario the starting time is randomly chosen between the arriving time and the 15 
departure time minus the required charging time. 16 

 17 

Figure 82. Total load demand NoEV-ES1-ES2-ES3-ES4 (2014) 18 

The total load demand is shown in Figure 82. In ES1 scenario (black line) all PHEV-EVs start to 19 
charge at 23:00, thus a significant high peak demand is observed in this particular moment. With this 20 
low penetration rate, no significant impact in the generation is observed.  21 

 In ES2, vehicles start to charge in a peak of the demand curve. The effect over the total load demand 22 
is to slightly increase this peak (around 20:00 hour) without exceeding the highest peak of the day 23 
(around 13:00).  24 
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ES3 and ES4 scenarios (blue and red lines) allow charging the vehicle during the lowest demand 1 
period. ES4 scenario has the lowest effect on the demand curve, because its set-time for charging is 2 
randomly chosen from a standard uniform distribution on the interval between the user arriving time 3 
and their departure time. 4 

 5 

Figure 83. Aggregated Load demand NoEV-ES1-ES2-ES3-ES4 (2014) 6 

Figure 83 shows the aggregated load demand (MW) for the above scenarios. Only a slightly increase 7 
in the medium range (from 50% to 85%) is observed.  8 

4.3.5.4.2 2017 YEAR PENETRATION 9 

The estimated power demanded by the electric vehicles in 2017 (with 3,600,000 EV) for the ES1-ES4 10 
is a scaled version of the estimated power demanded in 2014, and shown in Figure 81. 11 

 12 

Figure 84. Total load demand NoEV-ES1-ES2-ES3-ES4 (2017) 13 

In Figure 84, the total load demand for each scenario is shown. In ES1 scenario the daily peak is 14 
shifted from 13:00 (highest peak with no EV) to 23:00 and it is increased from 37,600 MW (no EV) to 15 
37,720 MW. In ES 2 scenario, there is also a shift in the peak time and the peak demand is increased 16 
in 2,600 MW (from 37,600 MW to 40,200 MW). ES3 and ES4 are still acceptable without exceeding 17 
the maximum peak value of the no EV demand curve. 18 
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 1 

Figure 85. Aggregated Load demand NoEV-ES1-ES2-ES3-ES4 (2017) 2 

Figure 85 shows the aggregated load demand (MW) for the above scenarios in 2017 penetration rate. 3 
ES2 scenario creates the worst peaks in demand and, in this case, new peak power plants with the 4 
largest marginal costs should be connected. For ES4 scenario, the peak power is not increased but 5 
the minimum power is increased in 2,600 MW, allowing connecting load power plants with lowest 6 
marginal costs or increase the percentage of renewable energy generation. 7 

4.3.5.4.3 2019 YEAR PENETRATION WITH PARTIAL LOAD 8 

 9 

Figure 86. Power demanded by electric vehicles (ES5-ES6) 10 

Figure 86 shows the estimated power demanded by the PHEV-EVs in 2019 (with 6,100,000 EV) for 11 
the ES5-ES6 scenarios. In both scenarios, the charging starting time is chosen randomly from a 12 
predefined margin. ES5 margin is between the arrival time and the departure time (minus the time 13 
required to recharge the battery). ES6 margin is between the start of the off-peak tariff (23:00) and the 14 
departure time (minus the time needed to fully recharge the battery). The peak value is lower in ES5 15 
than in ES6 scenario, but it is observed from the figure that the starting time to charge in ES5 scenario 16 
is at 18:00, during the on-peak period of the load demand. 17 

Figure 87 shows that, even with this great penetration rate (around 27%), the additional load due to 18 
PHEV-EVs charging is absorbed by the system without increasing the peak demand and filling up the 19 
off-peak valley. 20 

0 10 20 30 40 50 60 70 80 90 100

2.6

2.8

3

3.2

3.4

3.6

3.8

4

4.2
x 10

4

Porcentage

T
o
t
a
l 
S

p
a
n
is

h
 
p
o
w

e
r
 
d
e
m

a
n
d
 
(
M

W
)

3.600.000 EV. Aggregated Load Demand

 

 

No EV

ES1

ES2

ES3

ES4

0 5 10 15 20 25
0

0.5

1

1.5

2

2.5

3
x 10

6

Hour of day [h]

P
o
w

e
r 

d
e
m

a
n
d
e
d
 b

y
 E

V
s

6.100.000 EV. Load Demand

 

 

ES5

ES6



 
 

83 
 

 1 

Figure 87. Total load demand NoEV-ES5-ES6 (2019) 2 

4.3.5.4.4 MAXIMUM PENETRATION RATE WITH PARTIAL LOAD 3 

 4 

Figure 88. Total load demand NoEV- ES6 MAX 5 

Figure 88 shows the expected total load demand if all light vehicles in Spain are changed from internal 6 
combustion engines to electric motors. It is observed that despite of charging all vehicles during the 7 
off-peak period; the peak load demand is increased substantially (from 00:00 to 5:30). 8 

Anyway, the annual peak power demand in 2010 was 44,122 MW (January, 11th, 2010), thus even 9 
with a 100% integration of electric vehicles in the Spanish fleet, the actual electric generation capacity 10 
could cover the expected load demand. 11 

 CONCLUSIONS 4.3.5.512 

This work presents an analysis of the impact of the charging of a fleet of PHEV-EVs in Spain for 13 
different penetration rates scenarios (expected in 2014, 2017 and 2019). If the charging is performed 14 
without any coordination, peak power will increase substantially with the increasing penetration rates. 15 

A novel charging method is proposed in this study. Using this methodology allows reducing the peak 16 
power and fill up the off-peak valleys without implementing any bidirectional communication among all 17 
involved agents. 18 

 19 
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 Using Activity-Based Modeling to Predict Spatial and Temporal Electrical Vehicle 4.3.61 

Power demand in Flanders 2 

 3 

For a Flemish household, the estimated yearly amount of electric energy required by the car 4 
(0.2 kWh/km, 15000 km) is of the same order of magnitude as the amount of electric energy 5 
consumed by the household for other purposes (current electric energy consumption value). According 6 
to figures published in Oxford University Environmental Change Institute website statistics pages (14) 7 
the average yearly consumption for a Belgian household amounts to 3899 [kWh/year]. A similar figure 8 
(3500 [kWh/year]) for Belgium is mentioned by (15). As a consequence, the relative contribution of 9 
transport in the overall demand, will grow significantly with increasing EV market penetration. 10 

 11 

 THE USE OF ACTIVITY BASED MODELS 4.3.6.112 

Electric energy demand estimates require detailed data about location and timing as well as trip 13 
purpose and activity information for each simulated individual. This work investigates following 14 
scenarios for charging of both battery-only EV (BEV) and pluggable hybrid EV (PHEV) in order to 15 
calculate peak power demand as a function of time and location starting from Feathers predicted 16 
schedules:  17 

• Scenario EarlyLowTariff: people start charging as soon as possible during the low tariff period 18 
(night-time, reduced-rate electricity).  19 

• Scenario UniformLowCost: people start charging at a uniformly distributed moment in time but 20 
so that their cost is minimal (maximum use of low tariff period).  21 

• Scenario LastHome: people start charging batteries as soon as the car gets parked at the last 22 
home arrival of the day irrespective of any low-tariff period.  23 

• Scenario AlwaysAtHome: people charge batteries immediately after each home arrival.  24 

In all cases, charging period is assumed to be contiguous (uninterrupted) which means that no auction 25 
based dynamic pricing for fifteen minute charging blocks has been considered. Furthermore we 26 
hypothesize  27 

• That everyone recharges batteries everyday due to range anxiety  28 

• That all cars are charged at home with additional charging at the work location in well-defined 29 
cases only  30 

Details about the assumed market share for EV, the composition of the EV fleet, the fraction of the 31 
population who can charge at work, the power of the chargers used at the home and work locations 32 
respectively can be found in paper (Knapen L., 2012). 33 

 34 

For each of the 2386 traffic analysis zones in the study area, the power demand caused by EV battery 35 
charging is calculated for every 15[min] period of the day and for the scenarios mentioned above. 36 
Diagrams are produced for both maximal power and maximal energy demand for the low and regular 37 
tariff periods. The diagram shows the power demand in the zone having the largest power demand in 38 
Flanders. 39 
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 1 

Figure 89 Power demand for EV charging as a function of time. The thin line holds for UniformLowCost 2 
(cost minimizing, random), the thick line for AlwaysAtHome and the dashed line for LastHome. 3 

 4 

 5 

 6 

 7 

 8 

 9 

 10 

 11 

 12 

 13 



 
 

86 
 

5 Task 6.3. Scenarios M3 1 

5.1 Introduction 2 

The last scenario is related to the changes of individual user behavior on mobility due to dynamic 3 
electricity pricing and the existence of vehicle to grid (V2G) applications. 4 

Since electricity cannot be stored and has to be consumed on demand, and since this demand 5 
fluctuates based on weather or lifestyle conditions, the electric power system has to keep some extra 6 
“peaking” generation capacity ready to be connected to cover this fluctuation. These type of power 7 
plants are very expensive to operate but, often they only run for 100 or 200 hours per year, adding an 8 
extra cost to the average electricity price. For that reason, electric utilities adjust the electricity price 9 
depending on how much it cost to generate and deliver electricity. 10 

In this case, price can change by the hour, day, month, etc. according to the terms and conditions in 11 
the suppliers’ disclosure statement. This dynamic pricing incentivizes electricity consumers to reduce 12 
their consumption during peak times, and if they follow energy market prices and adjust their electric 13 
usage accordingly, they may save money. 14 

Users cannot only decide when to recharge their EVs, but also when to modify their electric 15 
consumption pattern, deferring the operation of some of their appliances to reduce their bill. 16 

PHEV-EVs have the capacity to storage energy in their batteries. Most of them spend a significant 17 
time periods parked (Letendre & Denholm, 2006), and there maybe opportunities to use this stored 18 
energy to provide electricity back to the grid (vehicle to grid applications, V2G), without compromising 19 
its primary transportation function. PHEV-EVs are more expensive than the equivalent ICE vehicles, 20 
due mainly to the high cost of their batteries. V2G will allow to the PHEV-EV users to have an 21 
additional income. 22 

Subsets of V2G technology include vehicle-to-home (V2H; when the EV is connected to a house) or 23 
vehicle-to-building (V2B; when several EVs are connected to a commercial buildings). In both cases, 24 
the battery power is used to supplement the local building electrical load without transfer to the 25 
electrical grid. This action displaces building load from the grid, providing a load-shed function. 26 
Alternatively, if these schemes can be used during a power outage to allow emergency backup power 27 
in these buildings. Japanese automakers Nissan (Nissan, 2014), Mitsubishi (Mitsubishi, 2012) and 28 
Toyota (Toyota, 2012) have been developing bidirectional chargers, allowing to connect their PHEV-29 
EVs cars to the building ac grid and feed its appliances as it is shown in Figure 90 30 

 31 

Figure 90. Vehicle to home Nissan application 32 

V2G describes a system in which energy can be sold to the grid by the driver of an EV-PHEV, when 33 
this is connected to the electric network when it is not used for transportation. In this way several 34 
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business model offering services to the electric utilities can be raised and evaluated. The term was 1 
initially coined by AC Propulsion Inc

7
. In collaboration with this company, the University of Delaware in 2 

United States, leading by professor Willet Kempton and his research team has become pioneers of 3 
research and development of V2G technology. 4 

The first description of the key concepts of V2G was done in (Kempton & Letendre, 1997) before the 5 
term V2G was adopted. This article is focused in analyzing the potential of V2G as energy source in 6 
moments of peak power demand. Other paper with a similar analysis is (Kempton & Kubo, 2000). This 7 
work is focused in Tokyo city and is based on existing electricity rates and Japanese driving patterns.  8 

Besides the service described in those papers, the following studies were focused in developing a 9 
more global concept of V2G. Works as (Hawkins, 2001) and (Kempton W. , Tomic, Letendre, Brooks, 10 
& Lipman, 2001) are a sample of that. The first work exposes the technologic needs and challenges to 11 
implement V2G and the integration of EVs as active elements in the power systems. The second one 12 
calculates three parameters of electric-drive vehicles (EDVs) which are important for their use by the 13 
electric system: resource size, availability, and economic potential. Economic potential was studied for 14 
three power markets: peak power, spinning reserves, and regulation services.  15 

In (Legendre & Kempton, 2002),  (Kempton & Tomic, 2005), (Kempton & Tomić, 2005), and (Kempton 16 
& Tomic, 2007) more complete concepts related V2G concept were developed, showing results and 17 
data to evaluate the potential of V2G and the real value market that this technology can aim 18 
depending on auxiliary service to by provide by the cars to the electric utility.  19 

As consequence of these initial studies, new works have been done during the last decade. Most of 20 
them have been focused in quantifying the potential of V2G to power grid supporting in different 21 
scenarios and the development of aggregator models of EVs to manage a fleet of EVs that can offer 22 
V2G.  23 

The main services to be provide by EVs in V2G applications are: ancillary services to the power 24 
markets (spinning reserves, grid regulation, extra power during demand peaks, etc.), services to 25 
facilitate the integration of renewable energies and services in distributed systems and smart grids (i.e. 26 
uninterruptible power source for businesses and homes).  27 

One of the first works in the field of EV application to offer ancillary services was (Guille & Gross, 28 
2009), based on Christophe Guille’s Master Thesis, where it is proposed a framework to integrate 29 
aggregated battery of EVs into the grid as distributed energy resources to act as controllable loads 30 
during off-peak conditions and as a generation/storage device during the day to give capacity and 31 
energy services to the grid. In (Andersson, et al., 2010) PHEVs are used as providers of regulating 32 
power in the form of primary, secondary and tertiary frequency control in Sweden and Germany 33 
electricity markets. (Bessa & Matos, 2010) describes the role that would have the EV aggregator in 34 
electricity markets. Other works like (Sekyung, Soohee, & Sezaki, 2010) and (Kathryn Mullen, 2009) 35 
propose an aggregator and optimal management of the distributed power of EVs to offer regulation 36 
services. In (Sandels, Franke, Ingvar, & Nordstrom, 2010) strategies for an aggregator to fulfill control 37 
bids on the German markets are presented based on available data of departure times, travel 38 
distances, average driving power consumption and PHEV battery capacities and the market 39 
constraints of the electricity secondary market. In reference (Jargstorf & Wickert, 2013) the business 40 
case of offering secondary downward reserve for frequency control on the German market by a pool of 41 
electrical vehicles is analyzed. Finally, some pilot projects have been commissioned. Reports and 42 
articles about these projects are (Brooks, AC Propulsion, Inc. 2002), (Kempton, et al., 2008) and 43 
(Binding, et al., 2010) which explain the works developed to carry out the commissioning of these 44 
experimental projects. 45 

Related to the integration of renewable energies using EVs, (Kempton & Dhanju, 2006) analyzes the 46 
duration of low wind events as a measure of storage needs, and compares national level potential 47 
V2G power with average load in 11 countries. In reference (Lund & Kempton, 2008) it is concluded 48 
that the integration of EVs and V2G would let a much higher integration of wind electricity without 49 
electric excess production reducing the CO2 emissions, in the Danish electric power system. 50 

                                                      
7
 http://www.acpropulsion.com/ 
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Reference (Peas Lopes, Almeida, & Soares, 2009) presents the results of a dynamic analysis 1 
developed with the objective of quantifying the amount of wind power that can be safely integrated in 2 
an isolated electricity grid (Small Island in Portugal) where EVs are connected. This isolated electric 3 
grid contains wind generation, diesel generation and small amount of solar PV, and EVs are used to 4 
participate in the primary frequency control, reducing frequency oscillations due to the intermittence of 5 
their renewable energy sources. In (Kelman, 2010) a similar case is analyzed. Also different schemes 6 
and strategies to control and manage the energy stored in EVs to offer V2G increasing the use of 7 
renewable resources have been developed in different papers. In (Tuffner & Kintner-Meyer, 2011) a 8 
regulation-services-based battery charging method to meet the power imbalance requirements 9 
associated with the introduction of 11 GW of additional wind generation into the Northwest Power Pool 10 
(USA) is developed. In (Freire, Delgado, Santos, & de Almedia, 2010) three different EV charging 11 
strategies are presented and their interaction between V2G and the large-scale penetration renewable 12 
resources are analyzed. In (Ritte, Mischinger, Strunz, & Eckstein, 2012) the synergies between 13 
photovoltaic systems and EVs are analyzed both from a technical as from an economic perspective 14 
and a model is presented to determine the amount of solar energy available by the EVs, the grid 15 
load/feed-in and the cost savings for owners of an EV and a photovoltaic system. In (Gao & Chan, 16 
2012) an optimal control algorithm is implemented to minimize the total renewable unit operating cost 17 
through V2G. In (Foster, Trevino, Kuss, & Caramanis, 2013), electric vehicles are used to minimize 18 
voltage drops due to power fluctuations in solar generation. Reducing charging rate during power drop 19 
is proposed as a part of the optimization program for charging the electric vehicles. 20 

 21 

5.2 Methodology 22 

Consumers cannot only decide when to recharge EVs’ batteries (as studied in the second scenario), 23 
but also when to modify their electric consumption behavior (turning on and off some additional 24 
appliances at home, for example) to reduce their electricity costs and help to the electric grid 25 
management, using less energy during peak hours or even delivering previously stored energy to the 26 
electric network. 27 

Again, in this third scenario a bottom up approach will be followed. The work is divided in four different 28 
steps: 29 

 An economic evaluation of the utilization of EVs in conjunction to the Building Energy 30 

Management System to minimize the total electricity cost of buildings. 31 

 A vehicle to vehicle (v2v) energy exchange to reduce the impact of charging EVs on the 32 

electric grid during the day. 33 

 Evaluation of the total distributed storage capacity of the EVs that can be used for the 34 

integration of renewable energy in Belgium. 35 

 Development of a coordination algorithm for EV charging for avoiding capacity problems in the 36 

power grid and for decreasing imbalance costs of the retailers. 37 

 38 

 39 
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5.3 WP6-Task 6.3 Achievements 1 

 Analyzing Vehicle-to-Building (V2B) interactions (Gamallo & Fraile-Ardanuy, 5.3.12 

Stochastic Aggregated Battery for Vehicle to Building Applications, 2012), (Gamallo, 3 

Master Thesis, 2013), (Gamallo, Alvaro Hermana, Fraile Ardanuy, González 4 

Perdomo, & Fuentes Gomariz, 2013) 5 

 INTRODUCTION 5.3.1.16 

Residential and commercial buildings are responsible for 40% of total final world’s energy 7 
consumption (Agency, 2014) and an important part of global GHG emissions. The building sector 8 
offers the largest low-cost potential of GHG emissions reduction in all world regions (Economidou, 9 
2011).  10 

Hotels are in the top five of the total energy consumption in the tertiary building sector (Solutions, 11 
2011). This energy cost represents about 6-7 percent of all hotel operating costs (Energystar, 2013) 12 
(Núñez-Cacho del Águila, 2011), therefore the application of energy efficiency actions could produce a 13 
direct profit increase. 14 

Travel and tourism sector in Spain is one of the main contributors to the Spanish GDP, reaching 15% 15 
of the total GDP contribution and supporting 488,500 directly jobs and 2,304,500 indirectly jobs 16 
(Council, 2012). These figures are even bigger in the case of the two Spanish archipelagos (Canary 17 
Islands and Balearic Islands). For example, the impact of this sector to the GDP in Canary Islands 18 
reaches almost 30%, supporting 262,823 jobs (34.2% of the total employment) (Exceltur, 2012). 19 

Most of the total energy demand in these archipelagos comes from imported fossil fuels, having a 20 
negative impact in its economy and its environment. These areas are considered as an ideal location 21 
to introduce electric vehicles because the small size of the different islands limits the driving, reducing 22 
the driver’s range anxiety and allowing a cleaner environment.  23 

Usually, EV-PHEVs are seen as loads attached to buildings during the charging periods, increasing 24 
the total buildings’ electric demand. Significant research has been done analysing the impact of this 25 
charging on the building electric grid or on the distribution grid, depending on the charging strategy 26 
(Clement-Nyns, Haesen, & Driesen, 2009) (Clement-Nyns, Haesen, & Driesen, 2010) (Sortomme, 27 
Hindi, MacPherson, & Venkata, 2011). 28 

On the other hand, batteries from EV-PHEVs can be combined with the Building Energy Management 29 
Systems (BEMS), storing energy when the electricity price is low and feeding back to the building 30 
when the electricity price is high, reducing the total building’s electric energy cost (Beer, et al., 2012).  31 

In this work an algorithm to operate in real time using the storage capacity of the EVs parked and 32 
connect to the building is developed. This algorithm will allow to reduce the total building electricity 33 
cost using a V2H scheme.  34 

 SYSTEM MODELING 5.3.1.235 

The building consumption data was extracted from a real hotel located in a tourism city in Spain. This 36 
building currently has multiple sensors that monitor different parameters of its energy consumption 37 
(voltage, current, active and reactive power, power factor, etc.) for different lines. In this work, the total 38 
electricity aggregated consumption is used as input for the model.  Figure 91 presents the annual 39 
hourly global demand during year 2012.  40 

The building has an electricity supply contract with a national retailer. Electricity prices and time 41 
periods used in this work are presented in Figure 92. 42 
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Figure 91. Hotel annual hourly electricicty demand 

 
Figure 92. Hourly electricity price 

Figure 93 shows the energy flows considered in the model. In this figure the charging/discharging 1 
decisions will depend on the instantaneous energy price offered by the market, the state of the system 2 
and the value of exogenous variables such as the actual building energy demand. The existence of an 3 
entity called EMS (Energy Management System) or aggregator is assumed. This entity is an 4 
abstraction of all the control logic, electrical and data networks, and all the needed electrical systems 5 
that allows the building to take appropriate consumption decisions at all times. Table 17 describes the 6 
different variables and parameters (with their nominal values) considered in the system. The variables 7 
for the optimization have their values in blank. 8 

 9 

Figure 93. Energy Flow Model for EV Storage. 10 
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Table 17. Optimization model variables and parameters 1 

Description Symbol Value Unit 

Building Energy Demand DMDh  [DMDh] kWh 

Energy hourly Price PEXsupply [PEXh]  €/kWh 

Battery capacity C  kWh 

System Energy Demand pud  kWh 

Available Charge Energy cod  kWh 

Available Discharge Energy pvd  kWh 

Charge input fi  kWh 

Discharge energy fo  kWh 

Charge energy i  kWh 

Self-discharge energy o  kWh 

Battery block fixed cost l  € 

Battery block variable cost F 100 €/kWh 

Maximum Discharge Rate V 150 - 

Minimum Charge Rate DR 0,1 - 

Charge efficiency rate CR 0,1 - 

Discharge efficiency rate γeff 0,95 - 

Self-discharge rate δeff 0,95 - 

Minimum allowed SOC Φeff 1,6·E-05 % 

Maximum allowed SOC SOCmin 20 % 

Initial SOC SOCmax 95 % 

Conn./Discon. Matrix SOC(0) 20 -  

 2 

In each time period, the EMS takes charging or discharging decisions according to the system state 3 
variables. The EMS will likely storage the energy when prices reach their lowest level and sell it when 4 
they reach their highest one. 5 

The presence/absence of EVs parked (and connected) in the hotel has been modelled using the block 6 
named BCT (a 1 and 0 vector) that simulates the connection / disconnection of the batteries the EMS 7 

system. From the perspective of the building, the presence of EVs available for electric power storage 8 
is equivalent to the presence of static battery blocks devoted for the same purpose, with the exception 9 
that its availability is variable in time. 10 

From the hotel perspective, there are three main costs to be minimized: 11 

 The total energy bought to the grid. 12 

 The battery acquisition cost. 13 

 The reward paid to the car owners that plug their car in the system and allow extra charge and 14 

discharge cycles for the hotel energy consumption optimization. This price may be interpreted 15 

as a degradation cost in case the cars belong to the hotel or compensation if the system were 16 

to be offered to the clients. 17 

 18 
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 OPTIMAL STORAGE CAPACITY EVALUATION 5.3.1.31 

Taking a year as the optimization window, the business model describe is defined as an optimization 2 
problem. It is implemented in GAMS® and it is solved using the CPLEX solver. The objective function 3 
is formalized as follows:  4 

With the following constraints: 5 

The objective function (43) minimizes the total cost of the system. The first term is the price paid to the 6 
utility company for the energy consumption; the second term, a price relative to the usage of the 7 
battery (battery usage compensation and/or degradation) and the third term, the fixed and variable 8 
costs of the installation. 9 

Constraints (44), (45) and (46) set the limit for battery SOC, charging and discharging. Constraint (47) 10 
describes the SOC evolution due to charging, discharging and self-discharging (48). Efficiency has to 11 
be considered for battery charging and discharging through (49)-(50), as well as vehicle’s availability, 12 
(51)-(52). Building consumption is then considered in constraint (53).  Finally, the positive definition of 13 
variables guaranties that the total consumption of the hotel is higher than 0, preventing inefficiency 14 
economies. 15 

 DAILY PROGRAM AND SHARING CAPACITY 5.3.1.416 

Once the optimal capacity has been calculated, an hourly operation program shall be scheduled for 17 
every day. Here, it must be considered that there is not a single battery, but a number of vehicles in 18 
which the calculated capacity is shared. The program is based on the optimization of the previous 19 
problem considering that now each EV is parked in the building with a different SOC and should leave 20 
with the same amount of energy that have stored in their batteries when they entered with. This 21 
algorithm can also be used if a higher SOC would be required at departure time, since the client’s 22 
energy consumption is already considered in the third term of the formulation. 23 

In order to deal with a disaggregated battery, it is necessary to add a new index v for the vehicles to 24 
the mathematical formulation (55)(80), thus resulting in the following general formulation: 25 

    ( ∑    ( )    {      }( )

{   }

{   }

 (    )  (  ( )    ( ))    {  }) (43) 

   maxmin SOChSOCSOC   (44) 

 DRCi(h)0   (45) 

 DRCo(h)0   (46) 

          hlhohi1hSOChSOC   (47) 

     decayΦ1-hSOChl   (48) 

     effδhohfo   (49) 

     effγhfihi   (50) 

    hfihBCTcod(h)   (51) 

    hfohBCTpvd(h)   (52) 

        hpvdhcodhDMDhpud   (53) 

 
   

0o(h)i(h),

fo(h),fi(h),pvd(h),cod(h),,hpud,hSOC


 (54) 
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Subject to the following restrictions: 1 

      vSOCvh,SOCvSOC maxmin   (56) 

    vDRvCv)i(h,0   (57) 

    vDRvCv)o(h,0   (58) 

        

 vh,l

vh,ovh,iv1,hSOCvh,SOC




 

(59) 

      vΦv1,-hSOCvh,l decay  
(60) 

      vδvh,ovh,fo eff  
(61) 

      vγvh,fivh,i eff  
(62) 

    vh,fivh,BCTv)cod(h,   (63) 

    vh,fovh,BCTv)pvd(h,   (64) 

          
v

vh,pvdvh,codvh,DMDhpud  (65) 

    

0v)o(h,v),i(h,v),fo(h,

v),fi(h,v),pvd(h,v),cod(h,,vh,pud,vh,SOC


 

(66) 

It can be noticed that the charging and discharging of each vehicle is treated separately and then 2 
grouped in the calculation of the total consumption, pud. Also, in the objective function the fixed and 3 
variable costs associated for each vehicle are considered differently as well as the price paid to their 4 
owners. 5 

 RESULTS 5.3.1.56 

5.3.1.5.1 OPTIMAL CAPACITY FOR BATTERY STORAGE 7 

The optimization algorithm set C*, optimal capacity of the battery, for this application to 100 kWh. SOC 8 
and net energy demand of the building behaviours are shown in Figure 94. 9 

Depending on initial conditions (SOC(0)), SOC behaviour during the first day remains different than 10 
the rest of the days, which show similar charge and discharge pattern regardless of electricity demand 11 
of the building.Table 18. PEXev and savings  shows economical savings depending on PEX_EV: 12 

Table 18. PEXev and savings 13 

PEXev C*(kWh) Batt. Cost Savings (€) % 

0,03 100 15100 783,27 1,60 

0,1 100 15100 202,08 0,41 

0,11 100 15100 199,28 0,41 

 14 
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 1 

Figure 94. Evolution of total SOC, building demand and real power demand extracted from the grid. 2 

It can be seen in Table 18 that the battery costs are too high compared with the annual savings. 3 
Therefore, it is more convenient to use EV’s batteries instead of static ones. 4 

5.3.1.5.2 OPERATION SCHEDULE 5 

Next, the daily operation schedule is analysed. Considering that the optimum capacity is 100 kWh, this 6 
amount can be divided into five vehicles with 20 kWh capacity each. Figure 95 shows the variation in 7 
demand due to the vehicles’ charging schedule for day 05/09. 8 

 9 

Figure 95. Original demand and resulting demand with five EVs 10 

Table 19 shows the initial SOCs considered for each vehicle and the savings obtained for each of 11 
them in percentage of the previous demand’s cost.  12 
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Table 19. Initial SoC and savings 1 

INITIAL SOC SAVINGS (%) 

20 0.3921 

30 0.4011 

40 0.4011 

50 0.3810 

60 0.3756 

 2 

As it can be seen in Figure 96, depending on the initial SOC a different charge-discharge cycle is 3 
applied. Starting with an initial SOC of 30% and 40%, a full cycle can be applied: charging to the 4 
maximum level (95%), discharging to the minimum (20%) and returning to the original SOC. In 5 
consequence, the maximum savings can be obtained. 6 

 7 

Figure 96. SoC evolution of each of the five EVs parked in the building 8 

In the case of starting with an initial SOC of 20%, the maximum SOC level cannot be reached in the 9 
charge semi-cycle due to the power limitation in the charging point (with a nominal power of 2 kW, it is 10 
not possible to charge as fast as is needed), thus reducing the savings. Similarly, with a higher initial 11 
SOC (50%, 60%), it is not possible to fully discharge the battery. If those limits were to increase, the 12 
initial SOC would not need to be considered. Moreover, the savings would increase, since it can be 13 
seen that it is a common strategy to partially discharge the battery in the mid-price period instead of 14 
the high-price period. 15 

It is also important to highlight that due to the dependency of the battery self-discharging with the 16 
SOC, charge is scheduled as late as possible within the low-price period and the discharge occurs as 17 
soon as possible. 18 
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Figure 97. Equivalent EV demand and resulting 
demand 

 

 
Figure 98. Equivalent EV demand and resulting 
demand 

 

The results between using five vehicles at the same SOC level (40%) and one equivalent vehicle with 1 
a battery five times higher than the individual ones are compared to verify the previous results. In the 2 
Figure 97 and Figure 98 resulting demand and SOC evolution of the vehicle can be observed, which is 3 
equal to the evolution of the vehicle with initial SOC of 40% from Figure 96. The total savings is thus 4 
equal to the one that would be obtained with five of the smaller vehicles and higher than the previous 5 
selection of vehicles, even though they had the same averaged SOC. 6 

 CONCLUSIONS 5.3.1.67 

In this work an economic evaluation of the utilization of EVs with the BMW has been presented. The 8 
optimal storage capacity to minimize the total cost and the evaluation of the equivalent number of EVs 9 
needed to perform this V2H application is calculated. 10 

From this information, the optimal charging schedule to be applied to the batteries of the EVs are 11 
determined. 12 

Considering the daily schedule, it seems to be necessary to establish the vehicle’s owner payment 13 
according to the initial SOC of the vehicle. Besides, it has been observed that, when using an 14 
equivalent vehicle with an average initial SOC, the final benefit may differ due to this dependency. 15 

In the case of requiring a higher final SOC than the initial would be needed at the end of the schedule, 16 
this would decrease the margin of benefits, since the deep of discharge would be lower. 17 

 18 
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 Vehicle to vehicle energy exchange (V2VEE) in smart grid applications (Alvaro 5.3.21 

Hermana R. , y otros, 2014) 2 

 INTRODUCTION 5.3.2.13 

In this work, a novel vehicle to vehicle energy exchange market (V2VEE) is presented as a 4 
mechanism to reduce the impact of EVs on the power system during their daily recharging. This 5 
mechanism also will allow to decrease the energy cost to be paid by those EV users that must 6 
recharged during the day to fulfil their daily trips. 7 

EVs with excess of energy in their batteries will coincide at the same area and at the same time with 8 
EVs which need charge during their daily trips and the first group can transfer part of their 9 
accumulated energy to the second set. 10 

The mobility pattern of Flanders region in Belgium is simulated using the agent-based model called 11 
Feathers. Assuming that all EVs are fully charged during the off-peak night period, when the electricity 12 
price is the lowest, and fixing an average electric consumption (kWh/km) for all EVs, two main types of 13 
users can be identified: those that can perform their daily agendas with excess of energy in their 14 
batteries (set A) and those that require day-charging to accomplish them (set B) (see section 3.3.4.1 15 
for further details). 16 

Electricity price is variable, and it is provided in advanced to all vehicle owners by the electric market 17 
operator, Belpex (Belpex, n.d.). The electricity price reaches the lowest value during the night period. 18 
For those EVs from set B, an optimization algorithm is used to determine the best moment, during the 19 
day, to be recharged from the grid. 20 

Feathers model also provides information about when and where all these vehicles are located during 21 
all day, therefore it is possible to identify how many EVs from both sets are coinciding in the same TAZ 22 
during the same time period. 23 

EV from set B can buy the energy directly to the grid at the optimum moments given by the 24 
optimization algorithm or they can try to buy energy from EV from set A, located at the same area, 25 
through the proposed V2VEE market. 26 

 CHARGING OPTIMIZATION ALGORITHM 5.3.2.227 

Taking into account the scheduled activities of each agent provided by the Feathers model, it is 28 
observed that some agents are not able to complete all daily trips without recharging their vehicles 29 
before arriving home, assuming the batteries are completely full at the beginning of the day. Therefore, 30 
it is necessary to establish when and where they will recharge them optimizing the cost of this 31 
intermediate charging. Assuming that the variable hourly price is known in advance, agents will be 32 
able to optimize their charging schedule with their own mobility restrictions, so that they can fulfil their 33 
daily agenda without modifying their mobility behaviour. 34 

The charging optimization algorithm used is given by equations (67)-(5):  35 

This objective function minimizes the charging cost of the vehicle for the time period between its 36 
departure time, with its battery completely full, and its arrival at home. 37 

This objective function is subjected to the following constraints: 38 
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Constraint (82) sets the limits for the battery SoC. Constraint (83) represents the charging power limit. 1 
Equation ( 84 ) describes the battery charging and discharging processes. Charging efficiency and 2 
vehicle charging availability are considered in ( 85 ). 3 

Table 20 summarized all variables and parameters used in the defined optimization problem. 4 

Table 20. Optimization model variables and parameters 5 

Description Symbol Value Unit 

Energy hourly price Pr(t) [Prt]  €/kWh 

Charging availability VCA(t) [0,1] - 

Charging Limit CR 24 kWh 

Discharged energy   o(t) [ot] kWh 

Charge efficiency rate γeff 0.95 - 

Minimum allowed SOC SOCmin 5 % 

Maximum allowed SOC SOCmax 100 % 

Initial SOC SOC(0) 100 % 

Charge energy to battery i(t) - kWh 

Charge energy from system cod(t) - kWh 

 VEHICLE TO VEHICLE ENERGY EXCHANGE MARKET 5.3.2.36 

It is possible to create a market so that the additional energy charged at night by vehicles from set A 7 
can be used by vehicles from set B during the day. This market will help to reduce the energy cost for 8 
the vehicle’s owners and also contribute to reduce the impact of electric vehicles on the electric grid. 9 

The market mechanism works as follows. Firstly, EVs from set B optimize their intermediate charging 10 
cost and program their energy requirements according to the expected grid price, which is facilitated 11 
by the electricity market operator, as it was indicated in the previous section.  12 

Then, when these vehicles are parked in a particular TAZ, they demand the amount of energy 13 
scheduled. This energy can be provided by two different sources: directly from the electrical grid, at 14 
the current tariff price, or extracted from those vehicles of set A which are parked at the same TAZ at 15 
the same time period, but paying a different market price. This market application between vehicles is 16 
called vehicle-to-vehicle energy exchange (V2V EE). 17 

In this market, EVs from set A will be denoted by EVAs and EVs from set B will be denoted by EVBs. 18 
The objective of the V2V EE model is to minimize the cost of the energy employed by the EV fleet at 19 
every TAZ and every period of time.  20 

For this purpose some assumptions have been considered. Night charge takes place between 00:00-21 
09:00h, during which all EVs are fully charged before starting their daily schedule. The minimum price 22 
at which the energy can be sold by EVAs is the maximum grid electricity price that they paid to be 23 
recharged at night, taking into account the losses in the charger. These owners will not want to sell 24 
their accumulated energy at a lower price that they paid for it during the night period. The maximum 25 
sold price considered by each particular EVAs is the grid electricity price at the current time, because if 26 
a bigger sold price is set, EVB users will buy the energy directly from the electric grid. Finally, all EVAs 27 
offer, in each sales period, all their saleable available energy. 28 

The demand model of each EVB is considered inelastic because their charging needs must be 29 
completely satisfied; that is, the demand does not depend on the given price. On the other hand, the 30 
offer model of each EVA is considered as a linear equation with positive slope such that the more 31 
energy is exchanged, the more expensive is sold (see Figure 99 which depict both models).  32 

 33 

 34 

 35 
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 1 

Figure 99. Obtaining the market price 2 

The equation that defines the offer model (from EVA set) is given by: 3 

Where: 4 

pi represents the price paid to the EVA number i (in €), xi represents the energy deployed by this 5 
vehicle (in kWh), pmax represents the maximum price to be paid to EVA number i (in €), pmin represents 6 
the minimum price to be paid to EVA number i (also in €) and xoffi represents the energy offered in this 7 
market by the EVA number i (in kWh). 8 

Therefore, for each time period and mobility zone, the energy exchanged unit cost that has to be 9 
minimized is given by: 10 

Considering that the energy given by a EVA vehicle cannot be higher than its limit (75) and that the 11 
total energy given by the vehicles must be equal to the demand (76): 12 

Where D is the total energy demanded by all EV from set B in a particular TAZ (in kWh), n is the 13 
number of EVs from set A in the area and Emax is the maximum energy that can be delivered by the 14 
charger. 15 

To solve this minimization problem, Lagrange multipliers are applied to (74), and the system of 16 
equations (77)-(79) is obtained: 17 
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From equations (72) and (74) it is derived: 1 

From (75) and (78):  2 

Finally, the linear system (83) is obtained from (76)-(82):  3 

The result of solving (83) can be interpreted as that the amount of energy given by each EV from set A 4 
is directly proportional to the ratio between the amount of energy it offers and the energy offered by 5 
the whole set of EVAs. If an EVA has to transfer more energy that that corresponding to its limit, this 6 
energy is shared within the other EVs from set A until no EVA surpass their own energy output. If there 7 
are not enough vehicles or energy within them available, then the grid supplies the remaining energy 8 
to EVBs and the final market price is equal to the grid price.  9 

 RESULTS 5.3.2.410 

5.3.2.4.1 CHARGING OPTIMIZATION ALGORITHM 11 

Firstly, the charging optimization algorithm described in section 5.3.2.2 is applied to a single vehicle 12 
from set B.  13 

 14 

Figure 100. Battery SoC evolution using the proposed charging optimization algorithm 15 

Figure 100 shows the battery SoC evolution of this user. This agent carries out three trips during the 16 
day: the first trip is done between 07:47 and 9:21, traveling 88.71 km. The second one is from 13:08 to 17 
13:45, traveling 66 km. The last trip starts at 19:48 and finishes at 20:06, traveling 34.7 km. The total 18 
distance traveled in this day is 189 km, which is equivalent to an electric consumption of 33.8 kWh, 19 
higher that the nominal capacity of the vehicle’s battery (24 kWh). 20 

The optimization algorithm assigns two charging periods along the day. The first charge occurs 21 
between 11:02 and 13:08, where the price is optimum within the first period in which the vehicle is 22 
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parked. The vehicle is partially charged, since the energy price is lower within the next period in which 1 
the vehicle is parked. After the second trip, the vehicle performs the last charge between 15:00 and 2 
17:00, filling the batteries with enough energy to finish its last trip. The SOC at the end of the day is 3 
the minimum allowed to the battery, since otherwise the vehicle would have recharged an 4 
unnecessary amount of energy. Charge availability (when the vehicle is parked) is displayed in red. 5 

5.3.2.4.2 V2V MARKET 6 

In this example the proposed V2V market for a specific TAZ and a particular time period is analyzed. 7 

The total energy demanded by EVs from set B is 6.8 kWh. There are four different EVs from set A 8 
available at this moment and located at this particular TAZ. The available stored energy from these for 9 
vehicles are: 1.9, 4.2, 5.8 and 8.1 kWh. 10 

The minimum price is 0.027 €/kWh (off-peak night electricity price), the grid electricity price at this 11 
particular hour is 0.068 €/kWh and the maximum energy a vehicle can deploy in one hour is 3.3 kWh. 12 

Figure 99 and Figure 101 show a match V2V market for this particular TAZ and in this time period. As 13 
it can be seen, the demanded energy is given by the EVs proportionally to their offered energy; that is 14 
0.646 kWh (EVA1), 1.428 kWh (EVA2), 1.972 kWh (EVA3) and 2.754 kWh (EVA4). The sold prices 15 
are the same for all EVs, 0.4097 €/kWh. The total cost of this transaction has been 0.2786 €; if this 16 
energy had been deployed directly by the electric grid, the total cost would have been 0.4628 €. 17 

 18 

Figure 101. Energy shared among different vehicles from set A 19 

Figure 102 shows the result of applying the market from the perspective of a single vehicle from set A. 20 
The vehicle starts the day fully charged; since it requires certain energy to accomplish its agenda, it 21 
only has available a certain amount of energy for the market (green line). This energy decreases along 22 
the day as the vehicle keeps on selling energy. The red line represents the price it perceives for the 23 
energy sold (which is 0 € when the vehicle is moving) and the blue line represents the variable grid 24 
electricity price. 25 
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 1 

Figure 102. Market price matching. 2 

The energy flow and cost are represented in Figure 103. As it can be seen, when the vehicle is 3 
traveling from one TAZ zone to other, the energy given by an EVA and its profit vary drastically. This 4 
happens because of the dependency between the market electricity price and the amount of vehicles 5 
requesting and offering energy at the same time. Since there is a relatively low limit in the amount of 6 
energy that can be offered by a single vehicle during a certain period of time, the energy price is 7 
mainly influenced by the relationship between the energy demanded from vehicles from set B and the 8 
power capacity of vehicles from set A, rather than the energy stored in their batteries. 9 

 10 

Figure 103. Energy and money exchanged for a single EV from set A. 11 

Figure 104 shows the effect of the market for a zone in which the offer is much higher than the 12 
demand. Because of this, the price barely surpasses the minimum price along the day. The result is a 13 
low profit for the selling vehicles, but cheapest prices for the buying vehicles. Note that the maximum 14 
price, obtained at 15:00, is lower than electricity grid price (see blue Figure 102 and note that the price 15 
axis have been interchanged between Figure 102 and Figure 104). 16 

 17 

Figure 104. Effect of V2V market in a TAZ which offers much energy than demanded. 18 
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Figure 105 shows the effect of the market for a zone in which the offer is higher than the demand, 1 
although this difference is not as important as in the previous case. The importance of the ratio 2 
between buyer and sellers is marked in the resulting price at 11:00 (high offer - high demand) and at 3 
21:00 (low offer - low demand); the electricity grid price is similar in both cases: 51.72 and 48.29 4 
€/MWh. Therefore, in this case the market results in a moderate profit for the selling vehicles and 5 
cheaper prices for the buying vehicles than that of the grid. 6 

 7 

Figure 105. Effect of the market in a zone whose offer is higher than the demand. 8 

 CONCLUSIONS 5.3.2.59 

The V2V EE market model is presented as a path to diminish the impact on the electric system that 10 
EV charging would produce during the day. In addition, the V2V market can be applied locally or in a 11 
determined region, facilitating its integration in a smart grid environment. 12 

In the V2V market model, the EVs optimize their day-ahead charges using the electric grid prices. 13 
Once the total EVs demand is programmed (from vehicles from set B), the EVs from set A which have 14 
an excess of energy after its last trip, can offer this accumulated energy to the EVs that need to charge 15 
during the day at a price lower than the grid price.  16 

Results show that lower energy prices are achieved through the application of this method. Prices are 17 
mostly dependent on the ratio between buying and selling vehicles, which is highly favourable for the 18 
last ones in most TAZs. Grid energy price influences mostly on the moment in which the vehicles 19 
charge, also establishing a maximum price for the energy exchange.  20 
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 Evaluation of the storage capacity due to EV (Alvaro, Gonzalez, Fraile-Ardanuy, 5.3.31 

Knapen, & Janssens, 2013) 2 

 EV STORAGE CAPACITY INSIDE POWER MARKETS 5.3.3.13 

Electricity markets consist commonly in different markets with different control regimes respectively. 4 
The terminology and specific regulation differ among countries. However, the same basic types of 5 
control and power response are needed in any power grid and the way to regulate them has 6 
similarities in all power systems. The four main markets and services in electricity markets are the 7 
following: baseload power, peak power, spinning reserves and regulation. All these services differ 8 
among them mainly in the following aspects: control, response time, service duration, contract terms 9 
and price. 10 

Baseload power. This service is provided during 24 hours. Typically comes from power plants that 11 
have low costs per kWh (nuclear, coal fired, etc.). Baseload power is typically sold via long term 12 
contracts for steady production at a relatively low per kWh price. 13 

Peak power. This power is generated at times of day when high levels of power consumption are 14 
expected. Peak power is typically generated by power plants that can be turned on for shorter periods, 15 
such as gas turbines. Since peak power is typically needed only a few hundred hours per year, it is 16 
economically sensible to draw on generators that are low in capital cost, even if each kWh generated 17 
is more expensive.  18 

Spinning reserves. This service is commonly covered by the fastest response generators. This 19 
service is to provide extra generation in case there is an unplanned event such as loss of generation. 20 
Therefore, spinning reserves refers to additional generating capacity that can deliver power quickly, 21 
i.e. 10 min, under request from the system operator. This service is paid for the amount of time they 22 
are available even though no energy is produced. If the spinning reserve is requested, the generator is 23 
paid an additional amount for the energy that is really produced. 24 

Regulation. Also called frequency control, is used to adjust the frequency and voltage of the power 25 
system by matching generation to demand controlling the deviations between real demand and 26 
estimated demand. Regulation must be controlled in real-time by the system operator, with the 27 
generators ready to receive signals from the system operator to act within a short time (one minute or 28 
less) by increasing or reducing the generator power output. Some markets, as the Belgian and 29 
Spanish ones, divide regulation into two services: one for the ability to increase power generation, and 30 
the other to reduce the power delivered. These are commonly referred to as regulation up and 31 
regulation down, respectively. In case load is higher than generation, voltage and frequency drop, 32 
regulation up is requested and if load is lower than generation regulation down is requested. Any 33 
generating unit can to provide either regulation up or regulation down, or both since the two services 34 
will be never requested at the same time. This service is required many times per day, requires faster 35 
response and it is required to continue running for shorter durations. 36 

V2G has been studied under different electricity markets, for example see references (Kempton & 37 
Letendre, 1997), (Kempton & Kubo, 2000) and (Kempton & Tomic, 2005), demonstrating that EVs are 38 
not proper to offer baseload power services at a competitive price. This is due to baseload power is 39 
proper to exploit precisely the technologies with the characteristics opposed to EVs: ‘boundless’ 40 
energy storage, large device lifetimes, high availability and low energy costs per unit energy. 41 
Therefore, the strengths of a fleet of EVs as energy source that are quick response time, low standby 42 
costs, and low capital cost per kW should be exploited offering another services. 43 

In (Kempton & Tomic, 2005) is exposed that where V2G could be mostly competitive is covering 44 
services by which the capacity to be available is paid, with an extra payment when power is really 45 
delivered. This is the case of ancillary service markets: spinning reserves and regulation. In addition, 46 
this article exposes V2G may be able to compete when is paid only for energy, but only when 47 
electricity prices are rarely high, as in some electricity markets. When V2G begins to saturate these 48 
high value markets, V2G will be positioned to cover a role as storage resource for the emerging 49 
electric systems based on renewable energies. 50 
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 ANALYSIS OF THE DISTRIBUTED STORAGE CAPACITY AVAILABLE DUE TO EVS 5.3.3.21 

Whether in the current electricity markets or in future scenarios, by developing optimal bid strategies 2 
and satisfy the operation system rules (Bessa & Matos, 2010), the EV aggregator must forecast for 3 
each time period, the stored energy that is plugged into grid, the capacity to storage energy plugged in 4 
and where the EVs are located.  5 

From (Kempton & Tomic, 2005) it is known that suitable services to cover by EV aggregator are 6 
regulation and storage. Therefore, in order to analyze the net revenue if ancillary services are provided 7 
and participate in the electricity market placing correct bids, EV aggregator must forecast some key 8 
information related to the EVs that are pooled under its control.  9 

The main required information is: the total battery capacity of each EV, the minimum SoC needed at 10 
the departure time of each EV, the total available storage capacity per hour (which will depend on the 11 
distance traveled by the car) and the connection capacity.  12 

From the electric mobility model proposed in Feathers, this required information can be estimated for 13 
each mobility zone, and therefore by electric substation node, allowing the EV aggregator to program 14 
its market bids and to develop business models for the EVs owners to promote maintaining the EVs 15 
plugged in during the parked times. 16 

Some assumptions have been done to obtain the storage capacity by zone available to offer upward 17 
and downward regulation: 18 

Feathers model simulates mobility by day and not some days in a row. Due to that, it has been 19 
supposed all vehicles begin the day completely charged. 20 

Only vehicles with assigned activities and trips that can be covered without recharging during the day 21 
are selected to offer storage capacity for the aggregator, so the regulation down capacity is 22 
underestimated in this case. 23 

To evaluate the storage capacity to offer regulation up, the minimum SoC required that each vehicle 24 
need to cover all its expected trips has been taken into account. 25 

Feathers model does not consider vehicles that are parked during all the day, so it is not possible to 26 
estimate the total number of them. This set of vehicles could offer regulation points fixed (e.g., at 27 
home, at work, etc.) to EV aggregator. 28 

The possibility that all storage capacity could be available will depend on several aspects as power 29 
infrastructure that works with this new load level, availability of chargers, rated power of chargers and 30 
location of chargers. In this way, that is a question of investment because technology challenges have 31 
been just achieved. Therefore, it is assumed that each vehicle is plugged into grid through a 32 
bidirectional charger that can deliver all the stored energy in one hour. In other words, the available 33 
capacity coincides with the capacity to regulation. 34 

Penetration rate used in this study is always the relation between the number of battery electric 35 
vehicles and the total fleet. It is important to highlight that depending on the type of the electric vehicle, 36 
the offered services that can be covered are not the same. For example, plug-in hybrid cars have a 37 
very small battery capacity so only regulation up, starting the ICE engine, can be offered in this case 38 
(Kempton & Tomic, 2005). 39 

From the activity-based mobility model, Feathers, it is obtained the number of electric vehicles, their 40 
SoC and the TAZs where they are located in each time of the day. Processing of this data, the 41 
vehicles suitable to cover regulation under assumptions enumerated above are used to estimate the 42 
capacity to storage energy (regulation down) and capacity to supply energy (regulation up) aggregated 43 
by zone along the day. 44 

In Figure 106 it is illustrated different parameters that should know EV the aggregator by zone and 45 
time.  46 
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 1 

Figure 106. Battery capacity for regulation 2 

Under assumptions commented before several results have been obtained from the simulations. As it 3 
is shown in the Figure 107, capacity to regulation up at the beginning of the day is high and decreases 4 
along the day, because the batteries are completely full in the early morning. Meanwhile regulation 5 
down profile is the opposite, because EVs are used during the day and their batteries are almost 6 
empty in the late evening. 7 

It can be also observed that with the highest penetration rate simulated (100%), the regulation 8 
capacity is very high. For example, between 16 MW and 7 MW in the case of zone 2386 as it is 9 
showed in Figure 107. If these values are compared with the rated power of the transmission 10 
substation which is feeding this particular area, that is 40MW, it is possible to assess the potential of 11 
the distributed storage that EVs could have. 12 

 13 

Figure 107. Regulation Up (red) and Down (blue) Capacity in Zone 2386 14 

On the other hand, in Figure 108 and Figure 109, it is showed the aggregated regulation up and down 15 
capacity of whole Flanders. As it can see it in these figures, the values of power that can be managed 16 
to offer regulation services reaches magnitudes of GW, which are much higher than mean maximum 17 
imbalance assumed by TSO Belgian (Elia, 2014) for the correct operation of the network. 18 
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  1 

Figure 108. Total Regulation Up Capacity. Max=16 GW; Min=6.5GW 2 

 3 

Figure 109. Total Regulation Down Capacity. Max=9.5 GW; Min=0.8 GW 4 

 CONCLUSIONS 5.3.3.35 

In this study the regulation capacity offered by an EV fleet in Flanders region is determined. It is 6 
observed that with a high penetration rates of EVs, the use of these vehicles to provide regulation 7 
ancillary services to stabilize the Belgian electric grid can be covered completely. 8 

This regulation capacity will facilitate a greater penetration of intermittent renewable sources.  9 

 10 
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 Coordinating EV charging in Balancing Power markets (D'hulst, De Ridder, 5.3.41 

Claessens, Knapen, & Janssens, 2014) (De Ridder, D'hulst, Knapen, & Janssens, 2 

2013) (De Ridder, D'hulst, Knapen, & Janssens, 2013) 3 

 SUMMARY 5.3.4.14 

A coordination algorithm for charging electrical vehicles that can be used for avoiding capacity 5 
problems in the power distribution grid and for decreasing imbalance costs of retailers is developed. 6 
Since it is expected that the fraction of electrical vehicles will exceed 50% in the next decades, 7 
charging these vehicles will roughly double the domestic power consumption. The distribution grid is 8 
not everywhere equipped to provide this power. In a first case study, charging is coordinated to 9 
prevent grid capacity problems. In a second case study, charging and discharging of electric vehicles 10 
can also be employed by retailers for lowering imbalance costs and by vehicle owners to lower 11 
charging costs. The coordination scheme can halve the imbalance cost if only charging is considered. 12 
If, on the other hand, electric vehicles can both charge and discharge, imbalance costs can completely 13 
be avoided and some revenues can be made. The proposed coordination algorithm is a distributed 14 
algorithm, where all sensitive information that is privately owned, such as parking times, trip 15 
information, battery management, etc. is only used by the EVs. The functioning of the proposed 16 
algorithm is illustrated by simulations. These simulations are fed with EV travel behavior information, 17 
generated by activity based modeling. It is shown that the charging can be rescheduled so that grid 18 
capacity violations are avoided. The novelty of this work is that both spatial and temporal information is 19 
used.  20 

 INTRODUCTION AND SETTING THE SCENE 5.3.4.221 

In the last 20 years, a large increase in renewable energy has occurred and this transitions seems not 22 
to be saturated, yet (International Energy Agency, 2010). Both wind turbines and solar installations are 23 
widely applied. They are usually distributed over large areas and the amount of power produced is not 24 
driven by the actual consumption, but rather by the available wind or sun. This has some important 25 
consequences. First of all, it is more complicated to manage a large set of distributed power plants 26 
than one central plant. So it becomes difficult to tune the produced power to the actual consumption, 27 
like is done nowadays. Secondly, the amount of power that can be produced varies with time and is 28 
more difficult to predict. This generates imbalances in the power grid. Sometimes too much energy is 29 
produced, while at other moments the renewable resources are not able to produce the desired 30 
amount of power. During two public holidays in 2012 (Pentecost and 31st of December), when the 31 
industrial consumption was low, it happened that too much wind power was available on the Belgian 32 
market, resulting in negative prices for power (Elia, 2014). So wind turbines operators actually had to 33 
pay to put their produced power on the grid. So far, the opposite did not take place at large scale: 34 
during wind still days in winter, it may happen that there is not enough power available from renewable 35 
sources and that all countries in e.g. Western Europe needs to import power from each other. This 36 
might result in some controlled black-outs.  37 

In conclusion, on the one hand, centrally coordinated industrial plants are being replaced by 38 
distributed smaller plants. These small plants need to react in a controlled way to changes in demand 39 
to keep the power grid stable. On the other hand, the availability of power will change. During peak 40 
production, power will be abundantly, while at other moments shortages may happen. A solution to 41 
both problems is to make large parts of the power grid smart by tuning the power consumption to the 42 
available power. To achieve this, devices needs to be able to communicate to the grid operators and 43 
maybe to each other. This paradigm shift, from centrally coordinated production to distributed 44 
coordinated consumption and production is called “the smart grid”. 45 

One of the candidates to operate in a smart grid are electric vehicles (EVs). Nowadays the number 46 
EVs is still negligible, but studies point out that the fraction of electrical vehicles will be 70% by 2035 47 
(International Energy Agency, 2010). This includes hybrid and plug-in hybrid vehicles. Typically, an 48 
electrical car consumes about 200 Wh/km. Assuming an average speed of 50 km/h and an average 49 
daily use of about 45’, this leads to an additional consumption of about 2-4 MWh for every household 50 
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equipped with an electrical car. In other words, the overall energy consumption will double for these 1 
households.  Electrical vehicles have two properties, which makes them very suited candidates for 2 
actors in the smart grid. Every car has enough computational power to run artificial intelligence 3 
algorithms, which can make them smart actors in the grid. Secondly, electric vehicles have a relatively 4 
large battery system, which is not actively used most of the time and can absorb redundant ‘cheap’ 5 
power and can deliver power during periods of scarcity. So most of the additional hardware, necessary 6 
for the smart grid, is already present. 7 

A benchmark for smart grid control algorithms is the PowerMatcher (Kok, Scheepers, & Kamphuis, 8 
2009) (De Ridder, Hommelberg, & Peeters, 2011). It automatically balances demand and supply in 9 
clusters of distributed energy resources. The technology is based on multi-agent systems technology 10 
and electronic markets. Background theories used are control theory and micro-economics, unified in 11 
market-based control theory. This control strategy consists of two types of units. Each device that 12 
participates is represented by an agent. The agent controls the power supply to the device. Its 13 
intelligence is only limited by the inspiration of its creator. If power is traded, the agent sends a bidding 14 
function to the second type of unit, i.e. an electronic market. The bidding function represents how 15 
much power the agent is willing to trade for each price. The electronic market will try to balance 16 
demand and supply. Evidently, a consumer will buy most power if the prices are low and will try to limit 17 
its consumption, if power is sparse and thus more expensive. A production unit will try to trade as 18 
much power as possible when prices are high and less when the prices decrease. The major 19 
disadvantage of this approach is that it does not take information about the future into account: it 20 
balances the actual demand with the actual supply. If, for example, prices are and remain high, most 21 
EVs will postpone charging until their comfort settings force them to charge. If this charging occurs 22 
synchronized, the system may become unstable. For that reason, a receding horizon technique is 23 
used here (e.g. (Diehl, et al., 2002)). This type of control scheme is often used in smart grid 24 
simulations and can be split up, so that every EV can solve locally its optimal charging schedule 25 
(Chao-Kai, Jung-Chieh, Jen-Hao, & Pangan, 2012). In this chapter, realistic simulations of drivers are 26 
combined with simulations of the power grid to estimate the impact in a few case studies. The novelty 27 
of this research is twofold. Firstly, a direct coupling is established between agent-based models, where 28 
real behavior of drivers is used to estimate the impact of EV on the future smart grid and secondly the 29 
impact of EVs on the imbalance market is examined. In addition, both temporal and geographical 30 
information are taken into account. 31 

Suppose now that we are living in 2020’ties with a lot of renewable resources and smart electrical 32 
vehicles. The smart grid might look as follows 33 

- One way to quantify the scarcity of power is by using a variable price. During peak 34 

demand prices will be high, and vice versa. Many markets today, like the day-ahead 35 

market, work already with such principals. When the retailer communicates the prices in 36 

advance, load synchronization may occur. This means that many devices will switch on 37 

simultaneously when prices are low, resulting in novel problems in the distribution grid. A 38 

possible solution for this problem is that the distribution system operator can alter the price 39 

of the signal. How this can be done in a fair way is explained later in this chapter. 40 

- A second problem is related to the comfort settings of the consumer. When an electric 41 

vehicle is parked to be charged, the driver expects the battery to actually charge. Probably 42 

he or she will not accept that scheduled routes need to be adapted due to an empty 43 

battery. So the degrees of freedom of the local control devices must take the comfort 44 

settings of the consumer seriously into account. 45 

- When electric vehicles are massively introduced, the consumption may double, potentially 46 

leading to new investment requirements in the distribution grid. Investments in the 47 

distribution grid are relatively expensive. So a possible business case to support smart 48 

grids could be found here: it may be less expensive for the distribution grid operator to 49 

steer some devices in the distribution grid, so that grid constraints are no longer violated, 50 

than it is to upgrade parts of his power grid. 51 
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- Nowadays retailers are an intermediate partner, aggregating the consumption of its clients 1 

and buying the corresponding power on the day-ahead market or with long term contracts. 2 

To be able to do that, a retailer needs to predict, e.g. on a quarter hour basis, what the 3 

power consumption and production will be of all the customers within its portfolio.  When a 4 

retailer has ill-estimated and there are deviations from the predicted power consumption 5 

and production, an imbalance cost needs to be paid. The imbalance cost depends on the 6 

actual marginal costs for producing and consuming power, and variations of imbalance 7 

prices can be much larger than price variations on the day-ahead market. However, if the 8 

retailer has within its portfolio some flexible and ‘smart’ consumption and production 9 

devices, the retailer can use this intelligence to reduce his imbalance costs.  The retailer 10 

can even speculate on the imbalance prices and cause a positive imbalance (more power 11 

is produced than predicted), when the price for positive imbalance is negative. In literature, 12 

companies who aggregate consumption and production in a smart grid are often called 13 

aggregators (e.g. (Tian, Qi, & Jing , 2013)).   14 

Charging an electric vehicle takes more time than fueling conventional cars. So we assume here that 15 
people park their car, plug it onto the grid and leave it there to charge or discharge. The intelligence of 16 
the car decides when to charge, depending on the parking time, the planned trips and the cost of 17 
charging. If, in the meantime, the battery system can support the grid, it may decide to do so. This will 18 
happen of course in return of some fee and within the comfort setting of the driver.  19 

An EV charging coordination algorithm is developed that can be used for different objectives.  Two 20 
different objectives are discussed below. The first focus is on the distribution grid.  The objective of the 21 
coordination algorithm is to deal with grid constraints whilst enabling the EVs to charge as cheap as 22 
possible. The problem focused on is load synchronization: all vehicles will initially try to charge when 23 
prices are lowest, resulting possibly in capacity problems in the grid. The scientific question answered 24 
here is ‘Can smart electric vehicles prevent congestion problems in the grid by applying smart grid 25 
solutions?’ 26 

The second objective focuses on the impact of smart EVs on imbalance costs made by retailers. In 27 
brief, retailers have to estimate the future energy demand and production in their portfolio one day 28 
ahead. The retailer has to pay an imbalance price if consumers are consuming more than predicted. 29 
However, imbalance prices are much more volatile and it can be costly if a retailer has an energy 30 
shortage when imbalance prices are high. On the other hand, it may happen that imbalance prices are 31 
high and the retailer has underestimated his production or consumption. Under such circumstances 32 
additional profits can be made. In the current situation, retailers have hardly any degrees of freedom to 33 
steer their position with respect to the imbalance prices. If intelligence is incorporated in EVs, the 34 
retailer can employ the flexibility of the EVs to reposition himself with respect to imbalance costs.  35 

 ACTIVITY BASED MODELS 5.3.4.336 

To test the presented algorithms, travel behavior information of the EVs is needed: the algorithms 37 
assume that all EV owners have a day-ahead knowledge on what their travel behavior will be. This 38 
information is obtained using activity based modeling. Activity-based modeling (ActBM) is a technique 39 
that predicts the daily travel agenda (schedule) for each member of a synthetic population. Most 40 
ActBM generate predictions for a single day. For each predicted activity, the ActBM specifies the 41 
activity type, start time, duration, location as well as the duration and transportation mode for the trip to 42 
reach the activity location. Activity-based models are micro simulators: behavior for each individual is 43 
simulated. This allows investigating the overall effects of traffic demand management policies. 44 
FEATHERS is an operational activity based model for the region of Flanders (Belgium); it generates 45 
schedules for a given day-of-week, see also WP3 of the project. 46 

FEATHERS input data consists of: 47 
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- The synthetic population for the study area. This contains socio-economic data (household 1 

composition, education level, income category, age category, etc.) describing each individual 2 

so that the distributions fit the census data. 3 

- An area subdivision into traffic analysis zones (TAZ). 4 

- Land-use data for each TAZ. This consists of tens of attributes including number of people 5 

living in the TAZ for several age and employment categories, amount of people employed in 6 

the TAZ in several economic segments (industry, agriculture, education, distribution, hospitals, 7 

etc.). 8 

- Impedance matrices specifying the travel time and distance between TAZ for off-peak, 9 

morning-peak and evening-peak periods and for several transportation modes (i.e. car, slow, 10 

public transport). 11 

- A set of decision trees trained using large scale (periodic) travel surveys. Those data 12 

essentially specify individual behavior as a function of socio-economic data and partial 13 

schedule characteristics. 14 

A schematic overview of the data flows in FEATHERS is given in Figure 110. The Flemish model is 15 
characterized by  16 

- Synthetic population size: 6 million people;  17 

- Number of TAZ: 2368;  18 

- TAZ area (average value): approximately 5 km
2
;  19 

- Number of diaries in survey: approximately 8000.  20 

FEATHERS is built on the Albatross kernel described in (Arentze & Timmermans, 2004). It makes use 21 
of 26 decision trees to first predict the basic travel agenda containing mandatory periodic activities and 22 
related trips (work, school) and in a second stage the flexible activities (shopping, social visits, etc.). 23 
The decision trees are used in a fixed order. Each step determines new attributes for agenda 24 
components by stochastic sampling. The schedules are consistent at the household level (resources 25 
available to the partners). Decision trees are applied in a predefined fixed order that models the 26 
decision making process. The schedule (agenda) is constructed using several stages; these results in 27 
a chained decision process where each stage further completes the partially constructed agenda. The 28 
Albatross system is called a computational process model (as opposed to a utility maximization 29 
model). It is a rule-based system where the rules consist of decision tree based predictions. 30 
FEATHERS output consists of a travel schedule for each member of the synthetic population. The 31 
agenda structure is given in the syntax diagram in Figure 111. For each predicted trip a tuple (origin, 32 
destination, startTime, duration, and mode) is predicted. This allows calculating expected mode-33 
specific traffic flows in time and space; those flows are validated using traffic counts made available by 34 
public traffic management services. FEATHERS predictions have been used in (Knapen, Kochan, 35 
Bellemans, Janssens, & Wets, 2011)  to calculate the electric power demand generated by EV 36 
charging for each TAZ in Flanders as a function of time under several charging behavior, EV market 37 
share and charging opportunity (at home, at work) assumptions. 38 

The simulations to test the EV charging algorithms proposed use FEATHERS predicted schedules as 39 
input data. Both the locations where EV induced electric power demand occur and the corresponding 40 
charging time intervals are taken from FEATHERS results. Note that the distance between charging 41 
opportunities available to the individual are important. 42 
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 1 

Figure 110. Schematic Overview of data flows in the Feathers Activity-based Simulator 2 

 3 

 4 

Figure 111. Syntax Diagram Specifying Daily Schedules: Each Episode Consists of Exactly One Trip 5 
Followed by An Activity 6 

 7 

 PRINCIPLES OF THE COORDINATION ALGORITHMS 5.3.4.48 

5.3.4.4.1 DISTRIBUTED CONTROL SCHEME 9 

In this paragraph the developed coordination algorithm for charging EVs is explained. The problems to 10 
be solved by the coordination algorithm can be written down as optimization problems, with the 11 
objectives to optimize being (i) minimal charging costs whilst satisfying grid constraints and comfort 12 
settings, and (ii) minimal imbalance costs for the retailer.  Initially, these optimization problems are 13 
formulated as central optimization problems, i.e. a problem that can be solved when all information 14 
needed is available at hand.  However, a central solver is impracticable because, firstly, the complexity 15 
of the problem increases with the amount of EVs, and calculating a central optimal solution will 16 
become impossible with lots of EVs present.  Secondly, it is from a privacy point of view not feasible to 17 
have all privacy-sensitive information available on one location.  Therefore, a distributed problem 18 
formulation is derived from the central optimal problem formulation, with almost identical schedules. 19 
The advantage of having distributed solvers is that they can be implemented on the computers of the 20 
EVs and that private information is only used locally. Figure 112 illustrates the transition from a central 21 
solver to a distributed one. In the central solver all information is gathered by a central unit, which 22 
calculates the optimal scheme and sends this information back to each actor. In the distributed 23 
scheme every EV sends its power schedule to the respective parking and his retailer. Both send back 24 
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a steering signal and this procedure is repeated until convergence is reached. So, the most important 1 
complication is that every local solver needs to communicate its action and reaction.  This 2 
communication loop needs to be iterated in every time step to reach an agreement. An important 3 
remark here is that we assume that the overall system is a cooperative system, where every actor acts 4 
in the benefit of the system. So gaming or intentionally lying is not allowed. 5 

 6 

Figure 112. Transition from global sovlver to a distributed solver. Every EV, the retailer and distribution 7 
system operator solve their control problem locally. Every EV sends schedules to the retailer and 8 
distribution system operator and receives a steering signal. 9 

The variables used are defined as follows: 10 

 Indices 11 

o },...,1{ Tt   Index used to number discrete time intervals (scalar value, with T 12 

typical 96) 13 

o },...,1{ Ni   Index used to number EVs ( N typical 50) 14 

o },...,1{ Mk   Index used to number parking lots (M typical 56) 15 

 Environmental variables 16 

o )(background tc  Background consumption of households (kW) 17 

o )(ci t   Consumption of EV (kW) 18 

o )(tSLP  Standard load profile: estimation of background consumption + EV 19 

consumption (kW) 20 

o  )(, tki   Parameter which is zero if EV i is consuming (driving) and one if EV is 21 

parked at parking lot k (scalar) 22 

o 
DAM , DAM

mean  Energy price on the day-ahead market; subscript ‘mean’ is the mean 23 

energy price over the horizon (€/kWh) 24 

o )(t   Energy price for left-over energy on the imbalance market (€/kWh) 25 

o )(t   Energy price for energy shortage on the imbalance market (€/kWh) 26 

 Control variables 27 
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o )(tpi   Power consumption of EV (kW) 1 

o )(tqi   Energy contained in EV battery (kWh) 2 

o )(t   Left-over power of the retailer (kW) 3 

o )(t   Power shortage of the retailer (kW) 4 

o )(imbalance t  Lagrange multiplier concerning the imbalance (€/kWh) 5 

o )(capacity t  Lagrange multiplier concerning the grid capacity (€/kWh) 6 

 Parameters 7 

o initial

iq   Initial energy contained in EV battery (typical values used 20 kWh) 8 

o ST   Time interval period (0.25 h) 9 

o i   Energy losses due to charging EV (0.1 €/(kW)
2
/h) 10 

o    Energy losses due to transport (0.1 €/(kW)
2
/h) 11 

o 
i

p   Lower bound for charging EV (0 if no vehicle to grid technology is 12 

present; ip  otherwise (kW) 13 

o i
p   Upper bound for charging EV (typical value 3.6 kW) 14 

o kp   Upper bound for power transport at parking lot k (typical value 14.4 15 

kW) 16 

o i
q   EV battery capacity (24 kWh). 17 

We have chosen for an open-loop receding horizon formulation. At every time step a new optimization 18 
scheme is solved and only the first control action is applied. This is iterated for every new time step 19 
and allows the system to take new information, like the newest prediction, changes in the schedule, 20 
into account. The global optimization problem formulation, to be solved at each time interval is  21 
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The first term in the objective function is the charging cost for each EV, which is proportional to the 1 
price on the day-ahead market; the second takes losses into account; the third favors a higher state-2 
of-charge at the end of the horizon (otherwise all batteries would discharge to gain money); the fourth 3 
term is the gain earned by producing positive imbalances; the fifth are costs caused by negative 4 
imbalances and the last term accounts for distribution losses. The two loss-terms are also necessary 5 
to make the problem strictly convex, which facilitates the solvers a lot. The first constraint is the 6 
evolution equation of each battery system, the second constraint is the initial condition of the battery 7 
systems, the third bounds the state-of-charge of the batteries, the fourth bounds the power flows to the 8 
battery systems, the fifth and sixth limits the imbalances by the transformer/feeder capacity, the 9 
seventh constraint is a common constraint, which matches the caused imbalance by the system on the 10 
trading variables. This constraint must be organized by the retailer. The last constraint limits the 11 
accumulated power flow (at the transformer/feeder to the street, for example) and must be managed 12 
by the distribution system operator. 13 

Such an overall optimization problem is in practice difficult to solve; not only in a mathematical sense, 14 
but particularly from a privacy point of view. EV drivers will, in general, not be willing to provide their 15 
travel schedules to a third party or let others take responsibility for deviations from this schedule. The 16 
battery management system is installed in the EV and the EV-constructor will not always be willing to 17 
provide this to a third party. In addition, the retailer has built up knowledge about the behavior of the 18 
imbalance prices and the day-ahead market and wants to use this knowledge at its own advantage, so 19 
also he will not be willing to share its predictions and knowledge with a third party. From a close look 20 
at the overall optimization problem, it follows that only the last two constraints are shared between the 21 
different actors. This allows us to separate the overall optimization problem into a set of local 22 
optimization problems by means of Lagrange multipliers (Boyd & Vandenberghe, Convex 23 
Optimization, 2009). The distributed problem formulation is then: 24 

For every EV an individual optimization problem can be formulated 25 
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This problem can be solved locally in every EV. So, the information is not seen by other parties. 1 

The retailer’s optimization problem is given by 2 
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and can be solved autonomously.  3 

This set of optimization problems has common Lagrange multipliers )(imbalance t  and )(kcapacity, t . Both 4 

are estimated by a relaxation algorithm, like 5 
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With   a tuning factor (typically around 0.1 here). The algorithm functions as follows: first, each EV 6 

calculates an optimal charging schedule, given their travel behavior, battery constraints and the day-7 
ahead electricity price communicated from its retailer.  After the EVs have communicated their optimal 8 
charging schedule to the retailer and distribution system operator, they in return calculate the 9 
imbalances and capacity, respectively, and update the steering signals/Lagrange multipliers so that his 10 
imbalance costs are minimized or the overload is reduced.  The updated steering signals are 11 
communicated back to all EVs. This process is iterated until convergence is reached. In order to 12 
increase convergence speed, methods like ADMM can be implemented (Boyd, Parikh, Chu, Peleato, 13 
& Eckstein, 2010). An advantage of this approach is that the Lagrange multipliers indicate if the 14 
constraints are met. If a constraint cannot be met, these Lagrange multipliers will diverge. In this case, 15 
the responsible party can be warned and is able to take actions in advance. 16 

A disadvantage is that the optimal solution is reached through a series of iterations. This increases the 17 
amount of communication. However, this has a benefit too: in case communication messages are lost, 18 
the local solvers can continue working with outdated information. This makes the distributed control 19 
scheme more robust in case of communication (Mets, D'hulst, & Develder, 2012) 20 
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5.3.4.4.2 PREDICTION ALGORITHM 1 

These solvers need to know the prices on the day-ahead market and on the imbalance markets, the 2 
EV consumption, the background consumption and the standard load profiles in advance. For all these 3 
variables, we have used the same predictor, which is simple the hourly averaged signal over the last 4 
five days 5 
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With x the variable to be predicted and T=24h. This predictor has two drawbacks: (i) weekends nor 6 
holidays are taken into account here, but these can easily be taken into account if necessary; and (ii) 7 
no stochasticity is taken into account.  8 
For predicting the standard load profiles, we have used the prediction of the background consumption 9 
and added the average consumption of all EVs.  This type of prediction algorithm is simple, but mimics 10 
all features that will be encountered in real world situations, like prediction errors. In reality, it may be 11 
beneficial for retailers to invest in more sophisticated algorithms to make more accurate predictions. 12 

5.3.4.4.3 STEERING SIGNAL 13 

The Lagrange multipliers have the dimension of a price (€/MWh), but cannot be seen as a simple price 14 
to be paid. Take for instance the Lagrange multiplier concerning the grid constraints. If a feeder or 15 
transformer is not able to deliver the demanded power, the grid operator will increase the Lagrange 16 
multiplier and the EVs will react as if the price increased and some will postpone their charging. 17 
However, in fact, it is the responsibility of the grid operator to invest in the distribution grid so that the 18 
power can be delivered. If the grid operator decides that it is more beneficial to invest in a 19 
communication interface so that the flexibility of the EVs can be used to support his distribution grid, it 20 
is only fair that the EVs, which are willing to react, get a fee for offering their flexibility. So in 21 
conclusion, if the Lagrange multipliers increase, the EVs react as if the price increase, but will in fact 22 
earn something for postponing their charging schedule. 23 

 SIMULATION RESULTS 5.3.4.524 

5.3.4.5.1 GRID CAPACITY 25 

Simulations were carried out to illustrate the functioning of the algorithm. Charging locations for the 26 
EVs are selected from the Feathers predicted travel schedules. Every location where an activity takes 27 
place (a TAZ) is assumed to have sufficient EV charging points. Also, the EVs are assumed to be able 28 
to charge the full length of the activity. The maximum charging power of the vehicles is set to 3.6 kW. 29 
Each parking location (TAZ) has a parking location manager setting a maximal power constraint. 30 
During the predicted trips, the EVs are assumed to consume a 200Wh/km (Tuffner & Kintner-Meyer, 31 
2011) and we assume an average driving velocity of 50 km/h. Every vehicle is assumed to have a 32 
battery capacity of 24 kWh (Weller, 2010). The state of charge of the EV batteries at the beginning of 33 
the day is assumed to lie between 90% and 100%. 34 

The convergence properties of the proposed decentralized coordination algorithm are illustrated in 35 
Figure 113 and Figure 115. Figure 113 shows the amount of iterations needed before convergence is 36 
reached when constructing charging schedules for increasing number of EVs. In these simulations, the 37 
maximal charging power at each charging location was fixed over time, and was set at half the 38 
maximal charging power used when no power constraints would be present. The plot shows that the 39 
required number of iterations stays relatively low, even for high numbers of EVs. 40 
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 1 

Figure 113: Number of EVs versus number of required iterations before convergence. 2 

Figure 115 illustrates the convergence properties when charging schedules need to be constructed for 3 
1000 EVs. The plot shows the overall electricity cost for charging all EVs, and the maximal power 4 
reached at the charging locations, versus the iteration number. As a benchmark, the solution to the 5 
minimisation problem was calculated using linear programming. In this optimal solution, the overall 6 
cost that needs to be paid to charge all EVs (= Copt) is 215.3 euro. Using the proposed decentralized 7 
mechanism, convergence is reached after 59 iterations: the electricity cost paid by all EV owners 8 
reaches Copt, and the maximal charging power encountered at the parking locations equals P

loc
 = 9 

42kW. However, already after about 30 iterations the electricity cost paid by the EV owners differs less 10 
than 0.1% from Copt, and the maximal power encountered at the charging locations is less than 5% 11 
higher than P

loc
. 12 

 13 

Figure 114: Hourly varying dynamic electricity tariff used in the simulations. 14 

 15 
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 1 

Figure 115: Maximum power at the charging locations (black line), and overall charging cost (grey line) versus 2 
iteration, when 1000 EVs are involved. 3 

 4 

In the following simulations, the electricity tariff for all EVs is assumed to be equal, and is an hourly 5 
varying dynamic tariff, shown in Figure 114. This dynamic tariff is based on the day-ahead tariffs of the 6 
Belgian Power Exchange (Belpex) (Belpex, n.d.). The simulations are carried out for one day, with a 7 
timestep of 5 minutes. A simulation day starts at 3 am. As a benchmark, the solution to the global 8 
minimization problem is calculated using linear programming. In this optimal solution, the overall cost 9 
that needs to be paid to charge all EVs is 37.9 €.  10 

A second simulation illustrates the functioning of the algorithm when every parking location is subject 11 
to a time-varying maximal power constraint. In the simulation, charging schedules for 1000 EVs are 12 
constructed. There are 132 locations where at least one EV is parked during the day. The time-varying 13 
power constraint of a particular location is constructed so that the charging power of the parked EVs 14 
combined with the varying power demand from residential end-users may not exceed the peak power 15 
demand from the residential end-users. This mimics a distribution grid at each charging location 16 
supplied by a transformer of a limited capacity. The number of residential end-users in each particular 17 
location is set at 20% higher than the maximal number of EVs parked in each location. Thus, the 18 
purpose of using the algorithm is that the parking location managers, in this case the DSOs, do not 19 
have to upgrade the capacity of the distribution transformers when roughly 80% of the residential end-20 
users have an EV at their disposal. In the simulations, the power demand of the residential end-users 21 
is taken from synthetic load profiles in Belgium (VREG, n.d.). 22 

Figure 116 shows the overall power demand (charging power from EVs and consumption of residential 23 
end-users) at a randlomly selected set of 5 parking locations versus the time of day. The demanded 24 
power is shown when calculated after the first iteration, and after convergence is reached. It is shown 25 
that initially all EVs try to charge at the cheapest instants possible, violating the maximal power 26 
constraints at each shown parking location.  The figure shows that after convergence, the maximal 27 
power at each parking location, indicated by P_loc, is never exceeded.   28 

Figure 117 shows the charging schedules of 5 randomly selected electric vehicles. The charging 29 
scheme is shown when calculated after the first iteration, and after convergence is reached. The plot 30 
clearly shows that the algorithm forces the EVs to charge at other instants, and thus other locations, 31 
when the maximal power constraint of that particular location is violated. Still, each EV owner tries to 32 
charge his EV as cheaply as possible. 33 

 34 



 
 

120 
 

 
Figure 116: Overall power consumption at 5 
different parking locations: calculated after the 
first iteration, and after convergence is reached. 

 
Figure 117: Charging schedule of 5 EVs during 
the day: calculated after the first iteration, and 
after convergence is reached. 

 1 

 POWER BALANCING 5.3.4.62 

5.3.4.6.1 EXPERIMENTAL SET-UP 3 

We consider a street consisting of one hundred households, of which 50 are equipped with an EV. 4 
One transformer delivers power to this street. Interactions between the three different phases are 5 
ignored. Background consumption is based on in-house measured consumption of real households. 6 
The average background consumption is about 3500 kWh/year. 7 

We focus on trading aspects in this set of simulations. The business case considered here is a retailer 8 
who can buy energy on the day-ahead market, using so-called standard load profiles. These are 9 
predictions, based on measured consumption profiles. These bids are performed at 11 am on the day 10 
before power is actually consumed. These predictions are imperfect and mismatches between 11 
predicted and real consumption have to be traded on the imbalance market. The aim of this imbalance 12 
market is to keep the grid stable: all produced energy must be consumed somewhere. If one trader 13 
has excess energy, he has to find an actor willing to buy this energy and vice versa. EVs can support 14 
the retailer here in several ways: 15 

- When the overall grid has an energy shortage because of ill-predictions by all retailers and 16 

expensive production units are switched on, imbalance prices will be high.  17 

- If the retailer is confronted with a local negative imbalance, he must pay a high 18 

imbalance cost. Under these circumstances the EVs can postpone consumption or sell 19 

stored energy to lower costs.  20 
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- If the retailer has a local positive imbalance, the EVs can even increase this excess and 1 

increase the revenues. 2 

- When the overall grid has sufficient energy and all costly production units are no longer 3 

producing power, the prices will be low (and can even be negative). 4 

- If the retailer has a negative imbalance, all EVs will start charging, so that the retailer will 5 

have an even bigger negative imbalance. The EVs can store this cheap energy. It can be 6 

released later, when imbalance prices are high again or can be consumed. 7 

This interaction between the retailer and the EVs is explored. Grid constraints can be taken into 8 
account as well, but we have chosen for a situation where these are less critical. 9 

5.3.4.6.2 EXPERIMENTS 10 

Three experiments are considered. First a reference case is examined, where no smart use of EVs is 11 
applied. Next, the situation for the retailer is explored, taking only grid-to-vehicle technology into 12 
account. Here EVs can use intelligence to decide when to charge, but discharging cannot take place. 13 
Finally, both grid-to-vehicle and vehicle-to-grid technology is used. Here discharging can happen too. 14 
In these simulation experiments, we will examine to what extend EVs can support the retailer to lower 15 
its imbalance costs. Both the estimated consumption and the real consumption for two subsequent 16 
days in February 2012 are shown in Figure 118a. In these simulations a five-day average is used in all 17 
prediction models and all cars used a four hour prediction horizon. 18 

 19 

Figure 118. (a) The standard load profile (expected consumption) and the real background consumption 20 
during 48h. (b) Reference case. The standard load profile and total consumption are shown. 21 

A. Case 0: a reference case 22 

In the reference case the EVs simply charge their batteries as fast as possible within the constraints of 23 
the system. Initially, all batteries are completely filled, so that transient effects are minimized. Results 24 
are shown in Figure 118b. The largest peak due to vehicle charging is situated between 10 and 15 h. 25 
A Second peak occurs in the evening around 20 h. Both charging peaks coincide with peaks in 26 
background consumptions. In general power prices are highest as well during these peak moments 27 
(see e.g. Figure 119a). So both the retailer and EV owner could benefit if EVs would charge at 28 
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different moments. In addition, if capacity problems are present in the distribution grid, these EVs will 1 
only make the problem worse.  2 

B. Case 1: grid-to-vehicle technology 3 

In this experiment, EVs can decide autonomously when to charge. Discharging is still not possible. 4 
The decision to charge depends on the day-ahead market price, which is fixed in advance, and on the 5 
imbalance price (both are shown in Figure 119a). In brief, each EV compares the actual prices with its 6 
predicted prices. If the actual prices are low, it will charge. If this causes higher imbalance costs for the 7 
retailer, he will communicate this to the EVs by means of changing the Lagrange multipliers. This is 8 
interpreted by the EV as a change in the price signal. Figure 119b shows the standard load profile and 9 
the actual consumption. When imbalance prices are below the market price, EVs will charge when 10 
needed. If the background consumption is below the standard load profile, the EVs consume the 11 
redundant power themselves, so that the imbalance is as low as possible. Under opposite conditions, 12 
EVs consume as less as their comfort settings allow; i.e. if the background consumption creates 13 
redundant energy, imbalance is maintained. If the background consumption exceeds the standard 14 
load profile, the EVs have no means to react and this imbalance is costly. When imbalance prices are 15 
above the day-ahead market price, EV tries to avoid charging. Of course, from time to time, local 16 
constraints and planned trajectories can force the EV to charge. 17 

Figure 119c shows that the imbalance does not really increase. The root-mean-square value of the 18 
background imbalance is 8 kW, which decreases to 6 kW when charging is included. This is partly due 19 
to the avoidance of positive imbalances when imbalance prices are low. 20 
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 1 

Figure 119. Grid-To-Vehicle technology. (a)The day-ahead market price and imbalance price. (b) Standard 2 
load profile and total consumption. (c) Resulting imbalance with and without EV correction. 3 

C. Case 2: Vehicle-to-grid and grid-to-vehicle technology 4 

In this experiment, EVs can charge and discharge. All prices are shown in Figure 120a. The imbalance 5 
position of the retailer depends on the difference between its prediction of future consumption and the 6 
actual consumption. Both are shown in Figure 120b. Overall, the EVs consume less than predicted 7 
when imbalance prices exceed market prices and consume more than predicted when imbalance 8 
prices are low. In Figure 120c shows that the retailer’s imbalance position is almost always on the 9 
beneficial side. So the addition of vehicle-to-grid technology has a large potential for him. 10 

Note that (i) compared to the previous cases imbalances are larger (root-mean-square value of 10 kW 11 
compared to 8 kW for the charging only case), but are price driven, so all parties profit from it; (ii) 12 
compared to the situation where EVs cannot discharge, the EV’s batteries are often low on energy, 13 
since selling this energy during peak moments is always beneficial. 14 
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 1 

Figure 120. Grid-to-vehicle and vehicle-to-grid technology. (a)The day-ahead market price and imbalance 2 
price. (b) the standard load profile and total consumption. (c)The resulting imbalance with and without EV 3 

correction. 4 

D. Comparison between the three cases 5 

From an economical point of view two distinct situations can be identified. If the imbalance price is 6 
below the market price, it is beneficial to charge EVs and cause a negative imbalance. If the 7 
imbalance price is above the DAM price, it is beneficial to release power and try to create a positive 8 
imbalance. For this reason, we separated the imbalance data according to the ratio between 9 
imbalance and market prices. The distributions of the imbalance power for the three cases considered 10 
are shown in Figure 121. The reference case is shown on top. Here both distribution cannot be altered 11 
by the EVs. The resulting average costs are 1.83 €/day for each household (consisting of 1.75 12 
€/day/hh on the DAM (this number is identical in all simulations, since the standard load profiles are 13 
not changed), 0.175 €/day/hh on negative imbalances and 0.057 €/day/hh revenues from positive 14 
imbalances). This number should not be interpreted in absolute sense, since the retailer can alter his 15 
biddings on the day-ahead market according to the charging profiles in the past. Nevertheless, it gives 16 
an indication about the reduction in imbalance costs.  17 
Secondly, the case with charging EVs is examined. The distributions are shown in the middle of Figure 18 
121. If charging is beneficial, the positive imbalance does not occur anymore. Each moment when 19 
redundant energy is available, this is used by the EVs to charge. If imbalance prices are above market 20 
prices, these EVs will not react to positive imbalances, resulting in additional gains. In summary, if EVs 21 
can change their charging schedule, depending on the price and imbalance costs, the latter are 22 
reduced by with 60 %  to 0.066 €/day/hh. The revenue due to positive imbalances remained 23 
unchanged at 0.046 €/day/hh.  24 
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Thirdly, if EVs can charge and discharge, the distribution is significantly altered, as can be seen in 1 
Figure 121. If imbalance prices are low, many EVs will charge, resulting in a negative imbalance 2 
position for the retailer. If imbalance prices are high, many EVs will discharge and the tail of the 3 
distribution points upwards. So the imbalance market can now be used to generate some revenue 4 
instead of being a cost factor. Negative imbalance costs remained 0.057 €/day/hh, but positive 5 
imbalances are two times higher (0.123 €/day/hh). Again this number should be interpreted with 6 
caution, since only 48 h are simulated. During this period a part of the energy stored in the battery is 7 
traded.  8 

A secondary effect of smart EVs is peak shaving. Prices on the day-ahead market often coincide with 9 
a peak in background consumption (see e.g. Figure 119 or Figure 120). If EVs avoid charging during 10 
expensive moments, the peak demand decreases indirectly as well, which has a positive effect on 11 
power losses and the life-time of transformers? The maximum accumulated power demand in this 12 
simulation is 100 kW in the reference case and decreases to 95 kW in the two other cases. The lowest 13 
power demand decreased from 17 to 15 kW for charging and inversed to -21 kW when discharging is 14 
allowed. 15 

 16 

Figure 121. Probability distributions for the imbalances under the three simulation experiments. The left 17 
column shows the distributions when imbalance prices are under the day-ahead prices (when negative 18 
imbalances are beneficial). The right column shows the distributions when imbalance prices are higher 19 

than day-ahead prices (when positive imbalances are beneficial). 20 

 DISCUSSION 5.3.4.721 

A mathematical method is proposed which merge the objectives of the different actors together. The 22 
method is fast and distributed and can take common constraints into account. However, if coordination 23 
algorithms like the one proposed here are applied in real world circumstances, several aspects have to 24 
be taken care of 25 

- This scheme will only work if every actor cooperates. This means that no actor can change his 26 

process to increase his individual profit, without lowering the overall profits. So as long as all 27 

actors accept to act together, the overall optimal solution can be found. If some EVs would 28 

start “gaming” and lie for example about their schedules (in order to increase their personal 29 

profit), other EVs and the retailer should start taking this into account. Reaching an optimal 30 

solution would become a difficult task under such conditions. Establishing a system where 31 



 
 

126 
 

every actor is cooperating may seem a difficult task, but in theory many power markets are 1 

based on such rules, including the Belgian day-ahead market, the Belpex. 2 

- A related problem is the fact that predictions about future prices, imbalances and trajectories 3 

are imperfect. The EV may expect sometimes that prices will decrease even more in the future 4 

and decides not to charge now, but to charge at this future moment. If this prediction is wrong, 5 

the charging/discharging is no longer optimal. However, with the actual information at hand, 6 

these schedules are the best solution possible.  7 

- An additional advantage of the market structure proposed here is that flexibility can be 8 

assigned to both the retailer and the distribution system operator and eventually to a third 9 

player as well. If all flexibility would have been assigned in advance to one of the parties, the 10 

others cannot make use of it to foster their business or to avoid costs.  11 

A similarity with the current day-ahead market exists: grid constraints may alter the optimal 12 

match between power producers and consumers; Initially retailer and producers send bid 13 

functions to the day ahead market without taking net constraints into account. The optimal 14 

economical match can be computed, but is not always feasible from a physical point of view. 15 

Before allocations are send back to the actors on the day-ahead market, load flow calculations 16 

are performed to check if the trades are physically possible. In our procedure, the steering can 17 

also change the initial solution if grid- or other constraints are violated. The advantage of this 18 

coordination mechanism is that local constraints are solved locally and that constraints are 19 

taken into account in real time (and not ad-hoc).  20 

- As was mentioned earlier, these steering signals cannot be interpreted as pure price signals. 21 

So  in the end each EV should be compensated for offering its flexibility to the retailer or 22 

distribution system operator. This can be a fixed fee or can be proportional to the amount of 23 

energy shifted in time or to some other agreement made between the actors. 24 

So overall the proposed coordination mechanism has a lot of similarities with the existing day-ahead 25 
markets. 26 

 CONCLUSIONS 5.3.4.827 

EVs all have enough computational power on board to install artificial intelligence, communication and 28 
control software to support the power grid. In this chapter we have developed a distributed control 29 
algorithm and examined two business cases. In order to gain realistic results, three different concepts 30 
are combined. Firstly, information about the behavior of the EV owners, like: which trips are planned? 31 
When are the cars parked? How many cars are parked together? … are retrieved from an activity 32 
based model, FEATHERS. The actual fuel consumption and battery capacity are based on today’s 33 
state-of-the-art technology. Detailed information about the exact state of the distribution grid in 34 
Flanders is not available. For that reason, we did not take variations in the distribution grid into 35 
account and focused on only a few zones. The third component is the intelligence of the smart grid. An 36 
algorithm is proposed for constructing EV charging schedules, taking into account a maximum 37 
charging power constraint at each charging location and the individual energy consumption of each 38 
EV. The charging schedules are constructed day-ahead, given a (time-varying) electricity price, and 39 
given a known trip schedule for the following day. The algorithm is a price-based demand response 40 
algorithm, and is based on a dual decomposition technique. A first advantage of the proposed 41 
approach is that geographical information is included in the coordination method, and constraints of 42 
charging at different locations are taken into account. Vehicle owners are given an incentive to charge 43 
at other locations when power constraints at the charging location are violated. A second advantage is 44 
that the calculations are performed in a distributed way, to put the responsibility for constructing 45 
charging schedules only at the EV side. This contrasts with approaches where all, possibly privacy 46 
sensitive, information to form vehicle schedules needs to be gathered in one central location. Thirdly, 47 
convergence of the proposed algorithm is guaranteed for not-strictly convex utility functions for the 48 
EVs. The functioning of the algorithm is illustrated in two applications. Evidently, nowadays the 49 
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number of EVs is too small for these problems to occur and the practical implementation of this 1 
coordination algorithm falls beyond the scope of this research. 2 
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 Framework to plan electric vehicle charging strategy for cost optimization  5.3.51 

 INTRODUCTION: 5.3.5.12 

Electricity production will be more intermittent with the increase in renewable resources capacity 3 
installments specially wind and solar production. Intermittent power production will increase more 4 
temporal variations in price. To facilitate the electric vehicle users to charge at the lowest possible 5 
price and keep the vehicle charged enough to travel all scheduled trips, a framework is designed 6 
which plans a charging strategy for the electric vehicle depending upon the price and mobility 7 
information. This optimization framework takes into account the available power and price of the 8 
electricity at each unit of time and allows the vehicle user to charge at those moments when electricity 9 
is not booked completely.  According to the current market share of electric vehicles, a fraction of daily 10 
agendas created by the large scale activity-based model are used to test the proposed framework. A 11 
central power tracker is introduced which keeps track of available and required power at each period 12 
of the day. It also manages the charging requests from electric vehicles. Moreover, an experiment has 13 
been set up; it makes use of wind and solar energy production data. A price signal is derived from 14 
available power as an indicator of relative cost. 15 

 FRAMEWORK: 5.3.5.216 

This optimization considers only one-day-ahead planning. Renewable power production forecast, 17 
expected price of electricity at each moment of the day (15 minute period units) and mobility 18 
predictions made by the activity based model, are fed into the optimization process. When information 19 
about available and booked slots and price of electricity at each slot is provided to the vehicle, cars 20 
optimize their charging strategy individually. Vehicles are given the optimization permission either turn 21 
by turn or in parallel depending upon the available energy available at each slot. First come first 22 
served strategy is used to permit the vehicle for charging planning.  Figure 122 presents the general 23 
framework of the model. The optimization framework consists of two parts: 24 

a) Central power tracker: 25 

It is the central tracker which keeps record of the available and consumed power at each time slot and 26 
location. It communicates to the vehicles and provides them with information of booked and available 27 
energy at each slot at requested location for each unit of the time. When the vehicle completes its 28 
charging optimization successfully, it communicates back to the central power tracker that in turn 29 
updates its record of booked and available energy.  30 

 31 

b) Vehicle side logic (car intelligence): 32 

When the vehicle receives its traveling plan for the next 24 hours, it requests to the central power 33 
tracker to get the information about available power at each time slot and zones containing potential 34 
parking locations. The electric vehicle used for each schedule can start the optimization process till the 35 
last moment before executing the schedule.  The list of available time slots is scanned and a slot is 36 
selected for the car if all following conditions are fulfilled:  37 

i. The requested amount of power is available at the time slot.  38 

ii. The vehicle is not traveling during the complete period associated with the time slot. It should 39 

have some parking moments during the period.  40 

iii. The time slot is not yet booked for the vehicle.  41 

 42 
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Figure 122 Conceptual overview of EVCP framework 2 

 3 

 4 

 5 
 6 

Figure 123 Available power and price of energy at each 15 min period of the day 7 

 8 

The electric vehicle used for each schedule can start the optimization process till the last moment 9 
before executing the schedule. This optimization devises the charging strategy for the car process 10 
depending upon the energy demand for travel and available power.  Using the available power and 11 
price of the electricity as shown in Figure 123, this model creates the charging plan for the EV as a 12 
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sequence of charging events. Each charging event contains information about start and end of 1 
charging event, amount of energy charged, place of charging and charging power. The optimization 2 
process marks the resulting strategy as feasible, soft infeasible or hard infeasible. Information about 3 
charging events is sent back to central power tracker in case of feasible or soft infeasible strategy, 4 
while a negative signal is sent in case of hard infeasible strategy. An example of planned charging 5 
strategy for a vehicle is shown in Figure 124. In figure, legends are described as follow: 6 

DCD: Deepest charging depletion level 7 

BATT-CAP: maximum charging level of the battery (Battery capacity) 8 

BatSoc (SOC) : state of charge in battery  9 

Color codes:  color used for charging strategy timeline 10 

 Parking at the location where charging switch is 

available. 

Parking at the location where charging switch is 

unavailable. 

  Traveling with Car  

Traveling without Car 

 

 Slot blocked globally: All power is booked already. Slot blocked locally: more charging impossible. 

 

Saturated slot: Planned to charge for complete 

time of the slot. 

 

 

Planned to charge energy at the slot. 

 11 

 12 
Figure 124 Example of feasible charging strategy 13 

 14 

Feasible strategy: if battery SOC level at the end of the schedule and at the start of the 15 
schedule are equal.  16 
Soft infeasible: if initial battery SOC level cannot be prevailed but the SOC at any other time 17 
does not violate minimum level requirement.  18 
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Hard infeasible: if initial battery SOC level cannot be prevailed and the minimum DCD level 1 
requirement is violated at least once. 2 

 CONCLUSION: 5.3.5.33 

In this work a framework is designed which has two parts; 1-central power tracker, 2- Car intelligence. 4 
The central power tracker provides tracking of available and consumed power while the car 5 
intelligence optimizes the charging plan for the car to charge only at cheapest moment with fulfillment 6 
of constraints of battery SOC and energy demand for travel. It also tries to keep the battery charge 7 
level at the end of the day equal to the initial battery SOC level. It, then, marks the charging strategy 8 
as feasible, soft infeasible or hard infeasible. This is a first kind of detailed charging strategy 9 
optimization process with charging opportunity at more than one locations and is tested for a large 10 
scaled study area. A detailed overview of the work is presented in paper (Usman M. Knapen L., 2014). 11 

 12 

 Effect of shift in electrical vehicles charging periods over charging cost and travel 5.3.613 

timings 14 

This is the extension of the work presented in paper (Usman M. Knapen L., 2014). In the previous 15 
paper, a framework is described which plans the charging strategy for the electric vehicle taking into 16 
account the available power and price differences of the electricity at each unit of the time. The 17 
previous framework only takes the temporal price into account while ignoring the spatial factor. While 18 
in this work, the spatial factor is introduced to use the tempo-spatial prices in the model. Moreover, this 19 
work also focuses on change in travel behavior in order to reduce the charging cost. During this 20 
phase, in the cases of feasible and soft infeasible strategies, those are evaluated to check whether 21 
any cheaper slot is left unused due to overlap with any travel period. If any of the cheaper slot is found 22 
unused, travel timing is shifted in order to plan charging events at those cheaper time slots.  23 

 TEMPO-SPATIAL PRICE OF ELECTRICITY: 5.3.6.124 

In previous work, available power for each unit of time (15 minute) was used to calculate the price 25 
using following method given below.  Figure 125 shows the graph of the price for each period (96 26 
periods) of the day.  27 

         
 

      
 

 28 

Figure 125 Prce of electricity for each period of the day 29 
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In this work, the synthetic power grid model which is presented in section 4.3.4.4 (Flemish 1 
transmission grid description) is used for local grid capacity constraints. The synthetic power grid 2 
model presents the maximum capacity of each grid as well as a list of traffic analysis zones (TAZ) in 3 
the Flemish area which are fed by each grid. The price that applies to each grid cell and each time unit 4 
is calculated as follows: 5 

                     

 SHIFT IN TRAVEL TIMINGS:  5.3.6.26 

To plan the charging at cheaper moments which were blocked due to traveling at those moments, 7 
travel periods are shifted backwards or forwards in time. Shift in time of any travel can influence 8 
already planned charging events, which may block any planned charging events and violate the 9 
battery minimum level constraints. In order to resolve such scenarios, if any cheaper slot is found 10 
unusable due to overlapped by the travel, the corresponding travel is shifted one time unit (15 minute) 11 
either backwards, forwards or kept at same time. It creates    possible scenarios of the traveling 12 
agenda of the car. Each possible traveling agenda is then evaluated for charging cost using the 13 
charging strategy optimizer, discussed in the first phase. The cost for each possible traveling agenda 14 
is calculated and all cases are compared to each another in order to mark the final agenda after 15 
rescheduling.  16 

 COMPARISON OF COST, TRAVEL TIMES AND UTILITY AFTER RESCHEDULING: 5.3.6.317 

Shift in travels, cost and utilities of the daily schedule predicted by the activity based model is 18 
compared between before and after rescheduling cases. Total shift in starting time is calculated as 19 
sum of the shift in starting time for each travel in the agenda.  Error! Reference source not 20 
found.shows the comparison between total shift in starting time of the travel and relative change in 21 
charging cost. Figure 127 shows the comparison between total shifts in starting times of the travel and 22 
absolute change in charging cost. These is an average 17.63858 minutes shift in the starting time of 23 
the travels for an average 0.064406 relative change in charging cost (average of 0.03 Euro absolute 24 
cost difference). New charging cost can be represented as a function of old cost and a constant k 25 
where k is the relative change in cost as in following equation: 26 

          
   

   
            

 27 

Figure 126 Comparison between total shift in starting time of the travel and relative change in charging 28 
cost. 29 
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 1 

Figure 127 Comparison between total shifts in starting times of the travel and absolute change in 2 
charging cost 3 

 4 

 CONCLUSION: 5.3.6.45 

The algorithm results (even if it is only an approximation) show that the cost savings are too small to 6 
induce behavior change. The savings seem to be lower than what people can save on gasoline cost 7 
by avoiding to drive during congestion periods.  8 
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 1 

6 Task 6.4. Assessment of societal relevance 2 

6.1 Societal impact of EV introduction  3 

 Background 6.1.14 

Annex I of the contract is very specific about the final overall objective of DataSIM Cfr. The abstract 5 
states: 6 

“and it can help us to better understand the dynamics of our society and,  in the longer run, to have an 7 
impact on overall and wider societal well-being.” 8 

And the introduction to the project reads: 9 

“Since electricity can be traded on the level of the individual end user by means of a smart power grid 10 
system, the expected overall ecological and health impact is lower. » 11 

Activity Based traffic models (and specifically the Feathers model that is used in DataSIM) can be 12 
used to model exposure of different subgroups in the population. This is an important first step 13 
because we know that exposure to transport related air pollution comes with an important public health 14 
impact. 15 

EV introduction can cause 4 massive shifts in environmental impacts: 16 

- Pollutants: The amount and type of pollutions differs with a switch to EV or hybrid vehicles 17 

- Location: First, EV and hybrid vehicles may develop a different spatial-temporal pattern of trips given 18 
the energy constraints. Second, changing to EV shift the location of the emission source to high stacks 19 
of power plants. 20 

- Timing: the time at which emissions are released from an ICE car makes some difference to its 21 
environmental effects, while for EV this is related to emissions of electricity generation and the used 22 
fuel sources. Changing the timing at which EV charge their batteries changes the associated effects to 23 
those of the power plants active at that time of day (or night). In addition this pattern can be different in 24 
different member states. 25 

- Exposed population: Combining both location effects changes population exposure and hence health 26 
effects. 27 

We use the innovative approach of DATASIM to correctly estimate the efficiency of EV in exposure 28 
reduction policies for specific population subgroups, activities, areas, … This can be done by 29 
calculation external costs using standardized techniques pioneered in the ExternE series of European 30 
projects (Rabl et al., 2005).

8
 31 

 32 

  33 

                                                      
 
8
 ExternE stands for “External costs of Energy” and was an EC Research Project in the Joule program 

from 1991- 2008 involving more than 50 multi-disciplinary teams from the EU. The generic 
methodology was adapted for specific use on Transport (Friedrich & Bickel, 2000). 
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 Summary of the analysis 6.1.21 

The introduction of electric vehicles (EV) can help to reduce CO2-emissions, energy consumption and 2 
the dependence of the transport sector on petroleum products. However, the potential benefits for 3 
climate change and human health alike need to be examined. Fuel mixes or the share of conventional 4 
and renewable energy resources for electricity production differ widely between EU countries and 5 
change over time. Sometimes relatively larger air pollutant emissions from certain power plants can 6 
offset the benefits of replacing internal combustion engine (ICE) cars with EV. The primary goal of this 7 
study was to compare the societal impact (climate change & health effects due to atmospheric 8 
pollution) of EV introduction in the EU-27 under different scenarios for electricity production (the use of 9 
different fuel mixes). The analysis presented here shows that countries that rely on fuels and 10 
technologies with low emissions of air pollutants like Belgium and France may gain millions of Euro 11 
per year in terms of avoided external costs (ExternE methodology). Other European countries, that 12 
depend on more polluting fuel mixes with larger carbon-intensity, may not benefit at all from 13 
introducing EV. Overall, the impact on health and climate change was on average equally important 14 
across the EU-27. Benefits were relatively larger for prospective fuel mixes for electricity production in 15 
2030 compared to 2010. However, for Belgium the intended shutdown of nuclear power plants by 16 
2030 may increase air polluting emissions. Data on the present fuel mix were available for Belgium, 17 
France, Portugal, Denmark and the U.K. on a detailed time scale (5-30 minute basis for a period of 18 
one calendar year). Analyses show that the time dependent variation of external costs for charging EV 19 
is dwarfed compared to the overall gain for introducing EV. The largest benefit is found in not driving 20 
an ICE car and thereby avoiding local combustion related emissions. Data on the present fuel mix 21 
were also available for Romania on a detailed time scale (10’)  and show that the variation in external 22 
costs is relatively larger than for the other countries and at some moments it may be worth the effort, 23 
insofar it is possible, to reschedule EV loading schemes based on social impact analysis.  24 

 25 

 Introduction 6.1.326 

Conventional cars with internal combustion engines (ICE) are still a major source of air pollutants such 27 
as carbon dioxide (CO2), nitrogen oxides (NOx), black carbon (BC) and fine particulate matter (PM2.5; 28 
particles with an aerodynamic diameter < 2.5 µm) (Hausberger, 2010). Some of the emitted pollutants 29 
cause severe health effects, including premature mortality (Dockery et al., 1993; Pope et al., 2004; 30 
WHO, 2005; Brook et al., 2010). The World Health Organisation WHO presently considers PM2.5 mass 31 
as the most relevant indicator for assessing the impact of air pollution on human health (HEI, 2013). 32 
Although ultrafine particles are often blamed for causing health effects (Seaton et al., 1995), coarse 33 
particles from tire and brake wear could be implicated as well (Riediker et al., 2008; Gasser et al., 34 
2009). In urban areas the contribution of conventional transport to PM2.5 concentrations is relatively 35 
large (Keuken et al., 2013). Direct emissions of ICE cars have an effect on public health as well as on 36 
crops, buildings and the natural environment. From an environmental point of view, the replacement of 37 
ICE cars with electric vehicles (EV) may be beneficial for the climate because of the possible reduction 38 
of greenhouse gas emissions, particularly CO2 (Thiel et al., 2010; Van Vliet et al., 2011). On the other 39 
hand EV are also not 100% clean. When EV are charged, the electricity required is produced by a 40 
wide range of different power plants (e.g. nuclear, gas, coal, …), which may also be sources of air 41 
pollution.  42 

It’s a generally accepted strategy to find a common denominator to express different public health and 43 
environmental impacts in order to compare them. A standardized methodology is to convert emissions 44 
into monetary values proportionally to the damage of the externalities they cause (Bickel and Rainer, 45 
2005; Maibach et al., 2008). This approach has been used to compare the impacts of different fuels 46 
and engine technologies for cars (Int Panis et al., 2001, 2002, 2004). External costs for electricity 47 
production are mainly determined by health effects and greenhouse gas emissions (Nijs et al., 2011). 48 
Other categories considered are impacts on agriculture and on materials and buildings, biodiversity 49 
loss due to acidification and eutrophication, impacts of the emissions to air of heavy metals, of 50 
emissions of radioactive substances and risks of waste disposal, of biodiversity loss due to land use, 51 
accidents and noise and visual impact.  In terms of external costs these categories are relatively less 52 
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important than the effects on health and climate. Health effects are driven by particulate matter 1 
pollution. 2 

When EV are introduced in the car market and replace ICE cars, the emissions of air pollutants will 3 
increase at the site of the power plants while the emissions of local road pollutants, often urban, will 4 
decrease. These differences in the type, size and location of emissions need to be weighted in order 5 
to give an overall picture of environmental and health impacts and related external costs. This social 6 
impact analysis was set up to answer the two following questions: 7 

a) What are the differences in health and environmental impacts of air pollution for each EU country 8 
when 5% of the ICE vehicle fleet is replaced by EV in the years 2010 and 2030?  9 

b) What is the current within-country maximum difference in health and environmental impact of air 10 
pollution related to the annual variability in electricity generation and how does it relate to the total 11 
impact on the replacement of ICE cars by EV? 12 

The latter question requires detailed time specific information (5-30’ time frame) on the national 13 
electricity fuel mix which is prone to high fluctuations. This detailed information was only publicly 14 
available and found for Belgium

9
, France

10
, Portugal

11
, Denmark

12
, the U.K.

13
 and Romania

14
. 15 

Electric vehicles considered in this study are entirely battery powered electric vehicles (BPEV). The 16 
impact is expressed in external costs for each of the EU-27 member states. Data were not yet 17 
available for Croatia.  18 

Health effect related pollutants for which external costs are available and which were studied here, are 19 
ammonia (NH3), nitrogen oxides (NOX), sulphur dioxide (SO2), fine (PM2.5) and coarse (PM2.5-10) 20 
particulate matter and non-methane volatile organic compounds (NMVOC) (Nijs et al., 2011). For the 21 
climate change impact we consider CO2 emissions as most of the environmental impact is related to 22 
this (Ayalon et al., 2013).  23 

24 

                                                      
9
 www.elia.be 

10
 http://www.rte-france.com/en/ 

11
 http://www.bmreports.com/bsp/bsp_home.htm 

12
 http://energinet.dk/Flash/Forside/UK/index.html 

13
 http://www.bmreports.com/bsp/bsp_home.htm 

14
 http://transelectrica.ro/widget/web/tel/sen-grafic/-/SENGrafic_WAR_SENGraficportlet 

http://www.elia.be/
http://www.rte-france.com/en/sustainable-development/eco2mix
http://www.bmreports.com/bsp/bsp_home.htm
http://energinet.dk/Flash/Forside/UK/index.html
http://www.bmreports.com/bsp/bsp_home.htm
http://transelectrica.ro/widget/web/tel/sen-grafic/-/SENGrafic_WAR_SENGraficportlet
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 Methodology 6.1.41 

In general air pollution emissions related to electricity production and exhaust emissions for 2 
conventional ICE cars (including well-to-tank emissions (WTT) and tank-to-wheel emissions (TTW)) 3 
were calculated for each of the EU-27 countries and multiplied by the specific country’s external cost 4 
per tonne of emission. The WTT emissions were taken into account to get a more complete picture of 5 
the emissions during the entire life cycle of the fuel. Therefore, in a final analysis also emissions 6 
related to battery production for EV have been included, corresponding to ICE’s WTT emissions. 7 
Vehicle production, transportation, maintenance and end of life (EoL) were not considered because for 8 
the pollutants studied here, they are considered to be very similar for ICE and EV cars of the same 9 
market segment. When calculating the replacement of ICE cars by EV, the assumption was made that 10 
the country specific gasoline/diesel ratio was kept constant over time (EC, 2012) and that “one EV” 11 
replaces “one ICE car”. The difference between external costs for electricity production dedicated to 12 
charging EV and external costs related to replacing ICE cars and avoiding their emissions gives the 13 
total benefit or loss. The analysis was performed according to the ExternE methodology developed by 14 
the European Commission (Bickel and Rainer, 2005; Maibach et al., 2008). In ExternE, health cost 15 
estimates are based on considerations of both direct medical costs and on the willingness to pay to 16 
avoid health effects from air pollution.  17 

 EMISSIONS 6.1.4.118 

 19 

6.1.4.1.1 ELECTRICITY PRODUCTION 20 

Air emissions resulting from electricity production depend on the fuel mix which differs by country and 21 
varies over time. For this study we have used the annual current (2010) and prospective (2030) 22 
energy mixes (EC, 2010). Nine fuel sources are considered: nuclear, oil, hard coal, lignite, gas, hydro, 23 
wind, biomass and photovoltaic. The individual percentage coal as well as lignite in the country total 24 
fuel mix was calculated based on the country profiles provided by EURACOAL (2010) and the 25 
evaluation of state aid for the coal industry by the EC (EC, 2006). Current pollutant emission per kWh 26 
electricity produced are described for each fuel source in Table 21 taking into account a chain analysis 27 
of construction, operation, provision of fuel and dismantling. Data are based on the life cycle inventory 28 
data from the FP6 project CASES (2010) but a distinction between e.g hydro >10mW or <10mW, wind 29 
on-shore or off-shore, photovoltaic cell in open space or on roof was not made as country specific 30 
information was not available. An average emission factor per pollutant (kg/kWh) was used for each 31 
type of fuel source and kept identical for all EU countries. Differences in pollutant mass emitted per 32 
kWh electricity produced are generally larger between the different fuel sources (e.g. coal versus 33 
nuclear) than between the technology specifications for one type of fuel source (e.g.  photovoltaic in 34 
open space or on roof). The CO2 emissions reported in Table 21 are in agreement with those reported 35 
in literature (Silva et al., 2009). Nuclear power, biomass fired power, wind power, solar power, hydro 36 
power and geothermal power have negligible CO2 emissions compared with classic combustion based 37 
power plants. 38 

 39 

  40 
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Table 21. General air pollutant emissions (kg/kWh) from electricity production (chain analysis of 1 
construction, operation, fuel provision and dismantling) for all EU countries. Country and time specific 2 
energy mix determines absolute emissions.  Data are based on the life cycle inventory data from the FP6 3 
project CASES

1
.  4 

 Emissions (kg/kWh) 
 NH3 NOx SO2 PM2.5-10 PM2.5 NMVOC CO2 

Nuclear power plant  6.30×10
-6
 4.27×10

-5
 6.86×10

-5
 2.34×10

-6
 6.19×10

-6
 6.55×10

-6
 1.21×10

-2
 

Light oil gas turbine 3.15×10
-6
 6.51×10

-4
 9.90×10

-4
 1.28×10

-5
 3.71×10

-5
 2.79×10

-4
 8.53×10

-1
 

Hard coal IGCC  1.83×10
-5
 5.98×10

-4
 3.34×10

-4
 1.76×10

-5
 1.53×10

-5
 6.09×10

-5
 6.19×10

-1
 

Lignite IGCC  4.71×10
-7
 3.92×10

-4
 5.90×10

-4
 2.04×10

-6
 2.91×10

-6
 8.50×10

-6
 7.76×10

-1
 

Natural gas  2.12×10
-7
 1.95×10

-4
 1.38×10

-4
 3.56×10

-6
 7.09×10

-6
 9.81×10

-5
 3.73×10

-1
 

Waterpower  3.10×10
-7
 7.57×10

-5
 2.30×10

-5
 5.28×10

-5
 1.75×10

-5
 2.95×10

-5
 1.22×10

-2
 

Wind 3.89×10
-7
 2.60×10

-5
 2.76×10

-5
 6.29×10

-6
 4.02×10

-6
 4.68×10

-6
 9.08×10

-3
 

Biomass  4.93×10
-5
 1.76×10

-3
 1.43×10

-4
 4.86×10

-5 
4.25×10

-5 
2.22×10

-4
 1.80×10

-2
 

Photovoltaic cells 2.45×10
-6
 1.12×10

-4
 1.68×10

-4
 2.90×10

-5 
2.41×10

-5 
1.96×10

-5
 5.35×10

-2
 

IGCC: Integrated Gasification Combined Cycle 5 
1
: http://www.feem-project.net/cases/documents/1LCI_Data_080515.xls 6 

When the total percentage of electricity produced by these nine types of energy sources is calculated, 7 
most of the energy production is covered i.e. total percentages amount up to 99% in all EU countries 8 
for the year 2010 except for Italy where 2% of the total energy production came from other sources 9 
(e.g. geothermal energy). For the year 2030 the situation is predicted to be more or less similar: in all 10 
EU countries 98% of the energy production is covered by these nine energy sources. It was assumed 11 
that EV introduced in a country are charged with electricity generated within the country itself, thus not 12 
taking into account electricity im-(ex)port. 13 

Currently a lot of effort is invested in reducing air pollutant emissions from electricity production and 14 
emissions may even be lower in the future. In this study however, we assume that for the year 2030 15 
only the fuel mix will differ and pollutant emissions per kWh for these technologies will remain identical 16 
over time (Table 21).  17 

In addition, detailed (5-30’ basis) energy mix data were only available and found for Belgium, France, 18 
the U.K., Denmark, Portugal and Romania. The calendar year 2012 was studied (except 2011 for 19 
Portugal) and the largest differences in external costs related to electricity production examined. This 20 
analysis tries to answer the question how large the within-country maximum difference in health and 21 
environmental impact from air pollution is and how it compares to the total external cost of 22 
replacement of ICE cars with EV.   23 

6.1.4.1.2 ICE CARS 24 

TTW emissions for ICE cars were set identical to the Euro 5 standard which came into force in 25 
January 2011. Prior to Euro 5, there was no emission limit for particulate matter for gasoline cars and 26 
therefore these were not suited for this analysis. Emissions used for ICE cars are given in Table 22. 27 
WTT emission (g/km) were set identical for all EU countries. 28 

 29 

 30 

 31 

 32 

 33 

 34 

 35 

  36 

http://www.feem-project.net/cases/documents/1LCI_Data_080515.xls
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Table 22. Air pollutant emissions (g/km) from transport by conventional vehicles with internal combustion 1 
engine (ICE). Distinction is made between WTT well-to-tank and TTW tank-to-wheel emissions. 2 

 Pollutant 
 NOx SO2 PM NMVOC CO2 

Tank-to-wheel emissions (g/km) 

Gasoline 0.060
$
 0.00076

†
 0.005

$
 0.068

$
 142

‡
 

Diesel 0.180
$
 0.00085

†
 0.005

$
 0.05* 114

‡
 

Well-to-tank emissions** (g/km) 

Gasoline 0.068 0.106 0.004 0.34 15 
Diesel 0.065 0.087 0.002 0.16 12 
$:
 Euro 5 emission limits; REGULATION (EC) No 715/2007 3 

*: estimated as difference between emissions of total hydrocarbons inclusive nitrogen oxides and 4 
emissions of nitrogen oxides for Euro 5 diesel emission limits. 5 
†
:SO2 emission based on a consumption of 5 litres fuel/100 km, a fuel sulphur content of 0.00001 g S/ 6 

g fuel (Directive 2005/27/EC) and a fuel density of 755 g/litre  for gasoline and 850 g/litre for diesel 7 
(ECOSCORE, 2008). 8 
‡
: Based on average emissions of Euro 5 cars. The average was taken for cars with cylinder capacity 9 

of 0-1399cc and 1400-2000cc (ECOSCORE, 2013). 10 
**: A detailed description on the calculation of WTT emissions is provided in the document of 11 
ECOSCORE (ECOSCORE, 2008). Calculation is based on indirect emission factors per pollutant, fuel 12 
density, fuel energy content and fuel consumption. The calculation is based on the original EU MEET 13 
project. 14 

 15 

 EXTERNAL COSTS  6.1.4.216 

External costs related to air pollution (Euro/tonne pollutant emitted) for electricity production and for 17 
conventional transport by ICE cars are country specific. They depend on meteorology, natural 18 
landscape, altitude and relative geographical position of countries (Friedrich et al., 2001). Because 19 
emissions are released from high stacks, within-country externalities of power plants are almost 20 
independent of local population density whereas externalities of cars are strongly site-specific (Bickel 21 
and Friedrich, 2005; Maibach et al., 2008; Ayalon et al., 2013). External costs for electricity production 22 
are based on the FP6 project CASES Cost Assessment for Sustainable Energy Systems (2010). 23 
External costs for negative impacts on human health (NH3, NOX, SO2, PM2.5, PM2.5-10, NMVOC) and 24 
environment (CO2) were accounted for. For the nuclear energy sector, costs for waste disposal and 25 
control are internalised in the electricity price. The nuclear sector operates under regulations that 26 
impose stringent limits to nuclear waste. The nuclear industry finances funds to control the waste as 27 
long as it may be harmful for human health and the environment. 28 

External costs related to conventional transport by ICE cars (Euro/tonne) were derived from the study 29 
of van Essen et al. (2011). Reported costs include health effects, damage to building materials and 30 
crop losses. External costs for PM are entirely (i.e. 100%) related to health effects. The ratio (external 31 
costs of health effects) / (external costs of health effects, building material damages, crop losses) was 32 
roughly estimated at 95% for NMVOC, 92% for SO2 and 98% for NOx (MIRA, 2011). Based on these 33 
ratios external costs only for health impact were calculated. For Cyprus and Malta external costs for 34 
conventional transport by ICE cars were not available in the study of van Essen et al. (2011). 35 
Therefore values for Malta were assumed identical to those of Italy and data for Cyprus were assumed 36 
identical to those for Greece. When all pollutants emitted by ICE cars are considered, particulate 37 
matter is mainly responsible for the health costs (Santos et al., 2010). In this study only the emission 38 
of primary pollutants was taken into account and not secondary pollutants (e.g. formation of ozone, 39 
nitrates or sulphates). 40 

For CO2 emissions the external cost was set to 20 Euro/tonne (http://www.co2prices.eu) and was 41 
identical for each country and identical for traffic and electricity production related emissions (Maibach 42 
et al., 2008). The price used for CO2 is high compared to the current value of the European Union 43 
Emissions Trading System (EU ETS) but conservative (in the sense that only damage is included that 44 

http://www.co2prices.eu/
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can be estimated with a reasonable certainty) as compared to the estimated cost of 40 Euro/tonne 1 
calculated by Ayalon et al. (2013) and > 50 Euro/ tonne according to US-EPA (EPA, 2010). 2 

 URBAN VERSUS NON-URBAN AREAS 6.1.4.33 

Transport related external costs for PM emissions depend strongly on the population density of the 4 
place where emissions take place. Usually a difference is made between metropolitan, urban and non-5 
urban zones with largest costs for metropolitan & urban zones where the population density and 6 
exposure (in terms of air pollution intake) is larger because of small source receptor distances (Bickel 7 
and Friedrich, 2005). In our analysis it was assumed that EV are typically introduced in the urban area. 8 
Differences in external costs for an introduction of EV in rural areas were also estimated in a brief 9 
sensitivity analysis.  10 

 BATTERY PRODUCTION 6.1.4.411 

In a final analysis of the replacement of ICE cars by EV, we also consider the emissions due to energy 12 
use for battery production because we also took into account WTT emissions for ICE cars and attempt 13 
to quantify the benefit (or loss) for EV introduction in absolute values per country. The battery 14 
production process is often considered to be energy-intensive. Based on numbers of Ishihara et al. 15 
(1999), Burnham et al. (2006) and Notter et al. (2010), average production energy for a lithium battery 16 
is estimated at 25-30 kWh/kg battery. For a battery of 300 kg, corresponding to 30 kWh (energy 17 
density ~ 100 Wh/kg), energy required for production is then equal to 7500-9000 kWh. Samaras and 18 
Meisterling (2008) estimated energy needed for battery production, including recycling, at 47 kWh/kg 19 
battery. Lewis et al. (2012) published a relatively high range of 10000 kWh to 15583 kWh for a battery 20 
of 30 kWh without and with recycling respectively. Differences between different studies may also be 21 
attributed to differences in battery type. Samaras and Meisterling (2008) and Lewis et al. (2012) 22 
considered batteries in plug-in hybrid electric vehicles whereas the other authors looked at entirely 23 
battery powered electric vehicles. The value of 10000 kWh per produced battery was taken forward in 24 
our calculations as a conservative estimate. This value is a factor of 333 larger than the battery 25 
capacity of 30 kWh. It’s thus possible that the production process uses more energy than the batteries 26 
are ever going to stock and return during their use (Lewis et al., 2012). Off course this depends on the 27 
car’s energy efficiency, the distance driven per year and the battery lifespan. 28 

Assuming all batteries are produced in Europe, we applied the EU-27 average external cost for 29 
electricity production to estimate the external cost for battery production because more specific 30 
knowledge on the geographical spread of battery production in Europe is lacking. It is assumed that 31 
the lifespan of a battery was 10 years (ETC/ACC, 2009; Duleep et al., 2011; ACS, 2013). 32 

Further it was assumed that the total number of cars was kept constant over time based on statistics 33 
by EUROSTAT (2012), that the market penetration rate of EVs was 5% (corresponding to revised IEA 34 
Blue Map scenario (ETC/ACC, 2009) and mid-range scenario by Berr, 2008) and that the distance 35 
driven per year per EV was equal to 10000 km. This corresponds to 27 km a day which is close to the 36 
average daily driving distance of 26 km as reported by EUROSTAT for passenger transport 37 
(EUROSTAT, 2009). With an energy efficiency of 0.25 kWh/km and a battery capacity of 30 kWh, 38 
100000 km/10 year would be equal to a realistic number of 833 complete charge-discharge cycles 39 
(ETC/ACC, 2009; Duleep et al., 2011). In the analysis performed by Ayalon et al. (2013) a penetration 40 
rate of 3% of EV into the market leads to an increase of the electricity demand by 0.4-0.6% in France, 41 
Denmark and Israel. In our analysis we start from a penetration rate of 5% and assume that the extra 42 
electricity demand will be marginal and covered by current fuel mixes. In other words, no extra 43 
electricity plants need to be installed to charge EV. In Germany, a large-scale introduction of EV (50 to 44 
100 % of the entire vehicle fleet) would increase the overall electricity demand by hardly more than 10 45 
% (Engel, 2007; Kendall, 2008). The chairman of the EURELECTRIC task force on EV illustrated that 46 
a theoretical complete shift towards electric vehicles in the EU-27 would increase electricity 47 
consumption from today’s 3100 TWh to 3570 TWh – an increase of only 15 % which may largely be 48 
accommodated by idle capacity during the night (EURE, 2009). 49 

 50 
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 CURRENCY 6.1.4.51 

Costs are expressed in Euros for the year 2010. External costs for electricity production (Euro/tonne) 2 
were corrected from the year 2009 to the year 2010 based on the HICP (Harmonised Indices of 3 
Consumer Prices; EUROSTAT, 2013). A correction factor of 1.02 was used for the EU-27. The 4 
external costs given for conventional transport (Euro/km) for the year 2008 were corrected to the year 5 
2010 based on the HICP by application of a correction factor of 1.03 for the EU-27. All external costs 6 
given in the results section are expressed in Euro 2010. 7 

8 
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 Results and discussion 6.1.51 

 2 

 ELECTRICITY PRODUCTION 6.1.5.13 

The average external cost from electricity production in terms of health and environmental impact for 4 
producing electricity in the EU-27 in 2010 was equal to 1.4 Eurocent/kWh (Table 23). Lowest external 5 
cost was equal to 0.2 Eurocent/kWh for Sweden and largest cost was equal to 3.3 Eurocent/kWh for 6 
Cyprus. External costs for countries with a larger proportion of energy production by nuclear power like 7 
France and Belgium were 0.4 and 0.6 Eurocent/kWh respectively. The fuel mix in Sweden consists of 8 
43% nuclear - and 43% hydro power. For Cyprus 99% of the fuel mix consists of burning petroleum 9 
products. The cleaner the energy mix in terms of air emissions, the smaller the external costs.   10 

Table 23. External costs (health and climate impact) of electricity production in EU countries. 11 

 External costs electricity production 
(Eurocent 2010) per kWh 

Country 2010* 2030* 

Belgium 0.6 1.2 
Bulgaria 1.3 0.9 
Czech Republic 1.9 1.6 
Denmark 1.2 0.9 
Germany 1.8 1.8 
Estonia 1.9 1.6 
Ireland 1.2 1.0 
Greece 1.8 1.3 
Spain 0.8 0.7 
France 0.4 0.3 
Italy 1.3 1.0 
Cyprus 3.3 1.5 
Latvia 0.6 0.7 
Lithuania 1.0 0.4 
Luxembourg 1.4 1.3 
Hungary 1.6 1.6 
Malta 2.5 1.1 
Netherlands 1.8 1.6 
Austria 1.0 1.0 
Poland 2.6 2.2 
Portugal 0.8 0.6 
Romania 1.9 1.5 
Slovenia 1.2 0.9 
Slovakia 1.2 1.3 
Finland 0.6 0.4 
Sweden 0.2 0.2 
UK 1.3 0.9 

Average 1.4 1.1 

*: based on fuel mixes for electricity production for the year 2010 & 2030 as published by the EC 12 
(2010).  13 

 14 

 SHIFT FROM ICE CARS TO EV 6.1.5.215 

External costs in Eurocent per kWh are given per country in Table 24. External costs for ICE cars were 16 
calculated for WTT and TTW emissions. Annual energy mixes for electricity production for the years 17 
2010 and 2030 were used for EV. Battery production was not taken into account in these results as 18 
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the impact of battery production on climate and health was calculated based on an EU-27 average 1 
external cost per kWh electricity produced (see methodology). Driving is a continuous process and the 2 
energy required for battery production is limited and can only be taken into account in a later analysis 3 
which shows annual absolute costs per country. External costs related to conventional transport 4 
(Eurocent/km) were converted to Eurocent/kWh based on the assumption that “one ICE car” is 5 
replaced by “one EV” and the energy efficiency of an EV is equal to 0.25 kWh/km (Duleep et al., 6 
2011).       7 

Table 24 shows that in 2010 the option of replacing ICE cars with EV resulted in largest health and 8 
environmental benefits for France (-2.6 Eurocent/kWh). France is a country with a low polluting fuel 9 
mix in terms of producing electricity and air emissions. In 2010 >70% was generated by nuclear 10 
energy. External costs for a replacement were positive (=loss) for Estonia, Cyprus and Poland in 2010 11 
which have relative more polluting fuel mixes for producing electricity. More than 90% of the electricity 12 
produced in Estonia and Poland in 2010 came from coal and lignite fired plants while in Cyprus >90% 13 
of the electricity was generated from burning petroleum products. Burning coal and petroleum 14 
products releases relatively large amounts of CO2. The cleaner the electric energy production mix for 15 
charging EVs, the larger the benefit for health and environment (Ayalon et al., 2013). In terms of CO2 16 
emission per EV driven km, the EU-27 average CO2 emission is equal to 88 g/km in 2010 (min: 10 17 
g/km for Sweden; max: 212 g/km for Cyprus; data not given for each country) which is substantially 18 
lower than CO2 emissions of ICE cars (see Table 22). 19 

When the shift in fuel mix for electricity production in the year 2010 and 2030 is compared, benefits will 20 
be larger in 2030 than in 2010 for most countries except for Belgium, Latvia and Slovakia (see Table 21 
24). In absolute terms total external costs become negative for all EU countries in 2030, which means 22 
EV introduction is a benefit (not taking into account battery production yet). The share of electricity 23 
production by coal and oil fired power plants will decrease to less than 75% for all EU countries. For 24 
Latvia and Slovakia there is a shift from gas to biomass. Particulate matter emission is larger for 25 
biomass than for gas which explains the observation that there will be a small reduction in benefits in 26 
2030 as compared to 2010. In the 2030 scenario for Belgium there will be no more electricity 27 
production from nuclear power, the most important power source in 2010. This will be compensated by 28 
an increase in the share of electricity production by coal a.o. which causes more air pollution than 29 
nuclear power. The consequence is that there is a relatively large decrease in benefits between 2010 30 
and 2030 for introducing EV in Belgium.  31 

In a study of Ji et al. (2012) it was also shown based on emissions and intake factors that for China, 32 
where the main electricity source are coal fired power plants, the impact on health and environment by 33 
the replacement of EV by ICE cars becomes larger. The study of Hawkins et al. (2012) in Europe 34 
mentioned that it is counterproductive for the climate to promote EV in regions where electricity is 35 
produced from oil, coal and lignite combustion. Babaee et al. (2014) studied the shift in emissions of 36 
NOx, SO2 and CO2 in the U.S. and also found that a shift to EV would not significantly alter the 37 
emissions, depending on the electricity source.   38 

When all EU-27 countries are studied the average external cost for the shift from ICE cars to EV was  39 
-0.7 Eurocent/kWh for the impact on health and -0.5 Eurocent/Kwh for the environmental impact 40 
(Table 24). In 2030 this is -0.8 Eurocent/kWh for health and -0.7 Eurocent/kWh for environment. On 41 
average the impact of health and environmental benefits is of the same order of magnitude. 42 

 43 

 44 

 45 

 46 

  47 
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Table 24. External costs (health and climate impact) for the replacement of a car with internal combustion 1 
engine (ICE) with an electric vehicle (EV). For ICE cars WTT and TTW emissions were taken into account 2 
and for EV electricity production assuming different fuel mixes in 2010 and 2030. Battery production for 3 
EV was not accounted for in this table. Energy efficiency of EV was set at 0.25 kWh/km.  4 

 External costs (Eurocent 2010) per kWh
*
 

 2010
**
 2030

**
 

Country Health CO2 Total Health CO2 Total 

Belgium -1.6 -0.9 -2.4 -1.4 -0.4 -1.8 
Bulgaria -0.4 -0.5 -0.9 -0.5 -0.7 -1.2 
Czech Republic -0.6 -0.3 -1.0 -0.7 -0.5 -1.2 
Denmark -0.7 -0.6 -1.2 -0.7 -0.8 -1.5 
Germany -0.9 -0.5 -1.4 -0.9 -0.5 -1.4 
Estonia -0.2 0.2 <0.01 -0.3 <0.01 -0.3 
Ireland -0.8 -0.4 -1.2 -0.9 -0.6 -1.4 
Greece -0.3 -0.1 -0.3 -0.4 -0.4 -0.8 
Spain -0.6 -0.6 -1.3 -0.7 -0.8 -1.4 
France -1.5 -1.1 -2.6 -1.5 -1.1 -2.7 
Italy -0.9 -0.5 -1.4 -1.0 -0.8 -1.8 
Cyprus 0.8 0.4 1.2 -0.2 -0.4 -0.6 
Latvia -0.6 -0.9 -1.5 -0.4 -0.9 -1.4 
Lithuania -0.7 -0.5 -1.2 -0.8 -1.0 -1.8 
Luxembourg -1.8 -0.5 -2.3 -1.8 -0.5 -2.3 
Hungary -0.6 -0.7 -1.3 -0.5 -0.8 -1.3 
Malta -0.7 0.5 -0.3 -1.3 -0.4 -1.7 
Netherlands -0.8 -0.5 -1.3 -0.8 -0.6 -1.5 
Austria -1.5 -0.9 -2.3 -1.4 -0.9 -2.3 
Poland <0.01 <0.01 0.1 -0.1 -0.1 -0.3 
Portugal -0.4 -0.6 -1.0 -0.4 -0.8 -1.2 
Romania 0.1 -0.6 -0.5 -0.1 -0.8 -0.9 
Slovenia -1.0 -0.7 -1.7 -1.2 -0.9 -2.1 
Slovakia -0.8 -0.8 -1.6 -0.7 -0.8 -1.5 
Finland -0.6 -0.8 -1.5 -0.7 -1.0 -1.6 
Sweden -0.8 -1.2 -2.0 -0.8 -1.2 -2.0 
UK -0.7 -0.5 -1.2 -0.8 -0.8 -1.6 

Average -0.7 -0.5 -1.2 -0.8 -0.7 -1.5 

*: A negative external cost in the table indicates a net benefit. 5 
**: Fuel mix electricity production for the year 2010 & 2030 is published by the EC (2010).  6 

 7 

In Table 25 annual absolute costs, including battery production, are given for the introduction of EV. 8 
When the change in absolute costs between 2010 and 2030 is compared there is only a decrease in 9 
benefit for Belgium and not for Latvia and Slovakia. Battery production was based on average EU-27 10 
external costs for electricity production and thus not based on a country specific external cost. 11 
Average external cost for battery production was in 2010 1.4 Eurocent kWh and will be around 1.1 12 
Eurocent/kWh in 2030, so there is an additional benefit of 0.3 Eurocent/kWh in 2030 compared to 13 
2010. Production of an identical battery will lead to less external costs in 2030 than in 2010 which is 14 
technically plausible. When we look at Table 24 the differences between 2010 and 2030 were -0.6 15 
Eurocent/kWh for Belgium and -0.1 for Latvia  and for Slovakia . The value of 0.3 Eurocent/kWh for 16 
difference in battery production between 2010 and 2030 is in absolute terms relatively larger than -0.1 17 
Eurocent/kWh for difference in electricity production between 2010 and 2030 for Latvia and Slovakia 18 
but in absolute terms it is relatively less than -0.6 Eurocent/kWh. This finally implies that for Latvia and 19 
Slovakia the shift in external costs between 2010 and 2030 presented in Table 25 becomes more 20 
negative (=benefit) while for Belgium the shift between 2010 and 2030 remains positive.  21 

22 
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The total benefit per year was largest for France and equal to 95 MEuro in 2010 and 103 MEuro in 1 
2030 (Table 25). This is in the same range as estimated by Ayalon et al. (2013). For Estonia, Cyprus 2 
and Poland there is no benefit (negative external cost) for the introduction of EVs due to the relative 3 
more polluting energy mix for electricity production in all these countries in 2010 but only for Estonia 4 
and Poland in 2030 (Table 25). Also when absolute costs are considered the impact on environment 5 
and health was on average equally important across the EU-27, which is in agreement with results in 6 
Table 24. 7 

 8 

Table 25. External costs (health and climate impact) for the replacement of cars with an internal 9 
combustion engine (ICE) with electric vehicles (EV). For ICE cars WTT and TTW emissions were taken 10 
into account and for EV electricity production and battery production. Energy efficiency of EV was set at 11 
0.25 kWh/km and the market penetration rate at 5%. Total number of vehicles was constant for period 12 
2010-2030. Yearly distance driven per car was set at 10000 km.  13 

 Annual External costs 
(Million Euro 2010)

*
 

Country 2010
**
 2030

**
 

Belgium -14.0 -10.4 
Bulgaria -1.0 -2.5 
Czech Republic -2.6 -5.1 
Denmark -2.2 -3.4 
Germany -50.4 -56.5 
Estonia 0.4 0.1 
Ireland -1.9 -2.9 
Greece 1.7 -3.2 
Spain -24.9 -34.9 
France -95 -103 
Italy -45.9 -69.7 
Cyprus 1.3 -0.1 
Latvia -1.2 -1.3 
Lithuania -1.5 -3.3 
Luxembourg -0.8 -0.9 
Hungary -3.4 -3.8 
Malta 0.1 -0.4 
Netherlands -7.8 -11.1 
Austria -11.7 -12.3 
Poland 14.5 3.4 
Portugal -3.1 -5.7 
Romania 0.4 -2.8 
Slovenia -1.7 -2.4 
Slovakia -2.3 -2.5 
Finland -3.6 -4.8 
Sweden -8.9 -9.6 
UK -27.6 -45.9 

*: A negative external cost in the table indicates a net benefit. 14 
**: Fuel mix electricity production for the year 2010 & 2030 is published by the EC (2010).15 
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 1 

 WTT AND TTW  DIESEL AND GASOLINE CARS 6.1.5.32 

In this paragraph the external costs related to TTW and WTT are compared to each other for diesel 3 
cars as well as for gasoline cars. On average across the EU-27, 70% (SD 3%) of the external costs for 4 
WTT and TTW (Euro/km) was explained by TTW emission (taking current diesel/gasoline ratios into 5 
account). If all cars would be diesels on average 74% (SD 3%) of the external costs for WTT and TTW 6 
would be explained by TTW emissions. If all cars would be gasoline cars this would be on average 7 
65% (SD 5%). External costs for WTT and TTW emissions are thus mainly driven by TTW emissions. 8 
This also implicates that in Table 24, results would not differ substantially if WTT emissions would be 9 
excluded, corresponding to battery production which was in that analysis not accounted for. 10 

 11 

 URBAN VERSUS NON-URBAN AREAS 6.1.5.412 

External costs for conventional cars related to PM emissions were across the EU-27 a factor 1.9 (SD 13 
0.7) larger for emissions in an urban area versus a non-urban area (van Essen et al., 2011). Largest 14 
difference was for Finland (factor 3.9) while the smallest difference was for Poland (factor 1.1). This 15 
means that (much) larger benefits would be obtained by introducing EV in urban areas. In our analysis 16 
we only considered EV introduction in urban areas.  17 

 EXTERNAL COSTS OF ELECTRICITY PRODUCTION ON DETAILED TIME SCALE (5-30’). 6.1.5.518 

ANALYSIS OF ONE CALENDAR YEAR. 19 

Annual average external costs for electricity generation differ between countries because of 20 
differences in the fuel mix of their power plants. Likewise, the external costs within each country are 21 
not constant, but depend on the specific power plants that are active at a given time. This fluctuates 22 
on a daily basis depending on total power needs and scheduled outages for maintenance of 23 
production facilities. France and Belgium are countries in which a large stable part of the electricity is 24 
produced by nuclear power (on average > 55%). The 5

th
 (P5) and 95

th
 percentile (P95) of external 25 

costs for the calendar year 2012 are presented in Table 26. The difference between the P5 and P95 is 26 
≤ 0.2 Eurocent/kWh and the avoided external cost by not driving an ICE car is -3.0 Eurocent/kWh 27 
(data not shown) which is an order of magnitude higher. Based on the societal impact, it’s a benefit to 28 
introduce EV and the loading can be based on non-environmental considerations. The UK is a country 29 
in which a stable part of the electricity is produced by nuclear (23±6%), coal (44±6%) and gas plants 30 
(26±7%). The difference between the P5 and P95 for external costs related to electricity production is 31 
< 0.2 Eurocent/kWh (Table 26) while avoiding emissions by not driving an ICE car are equal to -2.5 32 
Eurocent/kWh (data not shown) which results in a net benefit for introducing EV cars and shows that 33 
the loading can be based on non-environmental considerations. Denmark and Portugal are countries 34 
without nuclear facilities to generate electricity. In Portugal, a stable part of the energy (17±3%) is 35 
produced by geothermal plants in the Azores. In both Denmark and Portugal, a large part of the 36 
electricity is produced by wind power which is climate dependent and variable. In Portugal the 37 
difference between the P5 and P95 of external costs for electricity generation is equal to 0.3 38 
Eurocent/kWh while in Denmark this was equal to 0.4 Eurocent/kWh (Table 26). For both countries it’s 39 
a benefit to introduce EV and the loading may be based on  non-environmental considerations. 40 
Romania is a country in which there is a large differentiation in energy sources and the energy 41 
produced by hydro centrals is variable (20±10%). Depending on the energy mix, the introduction of EV 42 
may, in some cases, be a net benefit in terms of external costs while in other cases it’s a net loss. The 43 
external cost for not driving an ICE car is equal to -2.4 Eurocent/kWh and the P5 external cost for 44 
electricity generation is 1.8 Eurocent/kWh while the P95 external cost for electricity generation is 2.9 45 
Eurocent/kWh. At the P5 of external cost for electricity generation there is a net benefit of replacing an 46 
ICE car by an EV (1.8-2.4=-0.6 Eurocent/kWh) while at the P95 of external cost for electricity 47 
generation there is a net loss (2.9-2.4=0.5 Eurocent/kWh). The largest within one hour difference in 48 
external costs for electricity production for the year 2012 was looked for. This was equal to 0.7 49 
Eurocent/kWh. This equals a shift from a total external cost of 3.2 Eurocent/kWh to 2.5 Eurocent/kWh. 50 
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This shift in external cost is explained by a large increase in electricity produced by hydropower (from 1 
8 to 32%) and the decrease in electricity produced by oil (from 22 to 16%) and coal (from 52 to 39%). 2 
In such situation it may be useful to adapt the EV loading schedule, if this is technically possible and 3 
taking into account the real electricity price, as it may have a large influence on the social benefit or 4 
loss. 5 
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Table 26. Analysis of detailed electricity generation data for France, Belgium, the U.K., Romania, Denmark and Portugal. 1 

              A combination of percentage electricity produced per energy source at P5 or P95 

Country Web link Year Unit 
P5*/P95*/Max within 1h 
difference** MW 

Eurocent/K
Wh Oil Coal Gas Nuclear Wind Solar Hydro 

Geo- 
thermal Other*** 

France 
http://www.rte-
france.com/en/ 2012 15' P5 57732 0.25 1% <1% 2% 83% 2% <1% 12%    

     P95 89455 0.46 1% 5% 10% 66% 4% <1% 14%    
     Max within 1h difference  0.10           
Belgium www.elia.be 2012 15' P5 8311 0.61 <1% <1% 23% 67% 2%  1%  7% 
     P95 11606 0.96 <1% 7% 42% 45% <1%  <1%  5% 
     Max within 1h difference  0.21           

UK 

http://www.bmrep
orts.com/bsp/bsp
_home.htm 2012 30' P5 24115 1.09 <1% 34% 27% 31% 5%  3%    

     P95 30487 1.45 <1% 54% 24% 19% 1%  2%    
     Max within 1h difference  0.13           

Romania 

http://transelectri
ca.ro/widget/web/
tel/sen-grafic/-
/SENGrafic_WA
R_SENGraficport
let 2012 10' P5 7403 1.83 5% 37%  19% 9%  30%    

     P95 6760 2.95 23% 41%  21% <1%  15%    
     Max within 1h difference  0.73           

Denmark 

http://energinet.d
k/Flash/Forside/U
K/index.html 2012 5' P5 4963 0.55  23% 8%  69%      

     P95 3226 1.59  71% 25%  4%      
     Max within 1h difference  0.41           
Portugal http://www.ren.pt/ 2011 15' P5 3562 0.20  3% 7%  2%  68% 21%   
     P95 5481 0.82  30% 37%  8%  13% 12%   
        Max within 1h difference   0.27                   

* The P5 and the P95 represent the 5th and 95th percentile of the total external costs for electricity production 2 
** Data for the whole year were analysed and the largest within 1 hour difference in external costs searched for 3 
** Considered here as biomass energy plant4 

http://www.rte-france.com/en/sustainable-development/eco2mix
http://www.rte-france.com/en/sustainable-development/eco2mix
http://www.elia.be/
http://www.bmreports.com/bsp/bsp_home.htm
http://www.bmreports.com/bsp/bsp_home.htm
http://www.bmreports.com/bsp/bsp_home.htm
http://transelectrica.ro/widget/web/tel/sen-grafic/-/SENGrafic_WAR_SENGraficportlet
http://transelectrica.ro/widget/web/tel/sen-grafic/-/SENGrafic_WAR_SENGraficportlet
http://transelectrica.ro/widget/web/tel/sen-grafic/-/SENGrafic_WAR_SENGraficportlet
http://transelectrica.ro/widget/web/tel/sen-grafic/-/SENGrafic_WAR_SENGraficportlet
http://transelectrica.ro/widget/web/tel/sen-grafic/-/SENGrafic_WAR_SENGraficportlet
http://transelectrica.ro/widget/web/tel/sen-grafic/-/SENGrafic_WAR_SENGraficportlet
http://energinet.dk/Flash/Forside/UK/index.html
http://energinet.dk/Flash/Forside/UK/index.html
http://energinet.dk/Flash/Forside/UK/index.html
http://www.ren.pt/
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 METHODOLOGICAL STRENGTHS AND WEAKNESSES 6.1.5.6

 
The fact that the WTT emissions were set identical for all EU-27 countries is a methodological 
weakness. In reality emissions caused by fuel transport to countries that are located further inland will 
probably be larger. In addition, the corresponding external cost for battery production was calculated 
based on the average external cost for electricity production in the EU-27 as it is not known in which 
specific countries the largest number of batteries would be produced. 

   
The present fleet consists of vehicles older than the Euro 5 type and real emissions in normal traffic 
are higher than emission testing in laboratory which leads to a global underestimation of external costs 
for conventional cars (Hausberger, 2010). For the replacement of ICE cars by EV the benefit will 
therefore be underestimated. Current analysis is thus conservative. For CO2 emissions the damage 
cost was set to 20 Euro/tonne which is also a conservative assumption. 
 
Health effects were only studied for the considered pollutants. External costs are mainly driven by 
particulate matter pollution. Other pollutants (e.g. metals) could be considered as well but in that case 
estimates should also be made on emissions of metals coming from breaking ware which lies outside 
current objectives. 
 
The emissions for electricity generating power sources (Table 21) were set equal across all EU 
countries whereas in reality there may be a relatively large variation depending on the technological 
specifications. A real variation is also present in the emissions of ICE cars whereas they are set here 
identical to the Euro 5 type. Across the EU, the differences in energy mixes for electricity production 
might outscore in this analysis the differences in emissions for electricity sources of the same fuel type 
but with different technological specifications.  
 
Differences in production and end of life of EV and ICE were not accounted for. 

    

 Conclusions 6.1.6

The study goal was to get an estimate of the impact on environment and health for the replacement of 
internal combustion engine (ICE) cars by electric vehicles (EV) and this for all EU-27 countries. The 
impact was expressed as external costs following the European ExternE methodology.  The energy for 
EV comes from electricity production plants that differ in technology and fuel between countries and 
over time. Annual benefits range from 103 MEuro in France for a 5% market penetration rate, an 
annual distance/car travelled equal to 10000 km and the estimated prospective fuel mix used for the 
year 2030, to -3 MEuro (i.e. cost) for Poland which is related to more polluting fuel mixes for electricity 
production in Poland (coal and lignite). Introduction of EV would thus not be associated with a 
monetary benefit in each EU country unless local electricity production sources change to cleaner 
processes. The shift towards a more green and sustainable economy with a growing share of 
renewables could also be beneficial for the introduction of EV. The estimate for 2030 is conservative 
as emissions of ICE cars were set identical to the Euro 5 standard, emissions of electricity production 
plants were set identical to present emissions and the external cost for CO2 was only set at 20 
Euro/tonne. On average across the EU, the health impact mainly due to emissions of particulate 
matter was equally important as the impact on the environment (CO2). A detailed analysis of current 
national time dependent fluctuations in fuel mix for electricity production for EV charging in Belgium, 
France, Denmark and Portugal demonstrated that the within-country difference in external costs 
related to differences in fuel mix at a specific moment in time are negligible compared to the overall 
gain of introducing EV. Largest benefits are found for not driving an ICE car. Therefore it is important 
that policies also remain focussed on trying to diminish the use of ICE private cars for short urban trips 
and stimulate walking, cycling, public transport and carpooling. Improvements in energy efficiency of 
EV and decarbonisation of the electricity production will also further contribute to a cleaner 
environment. On the other hand also conventional internal combustion technology is likely to further 
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improve over the coming decades. In Romania detailed data on electricity generation showed that 
Romania is a country in which there is a large differentiation in energy sources and the energy 
produced by hydro centrals is variable. Depending on the energy mix, the introduction of EV may be in 
some cases a net benefit in terms of external costs while in other cases it’s a net loss. The maximum 
within hour difference in external costs for electricity production compared to the external costs for not 
driving an ICE car is relatively large compared to other countries and in some cases it may be relevant 
to reschedule the time of charging (for minimizing external cost human health and environment), 
taking into account the real electricity price and the technical constraints. However, the introduction of 
EV will be a stimulant to introduce greener or less carbon- intensive energy sources as e.g. wind 
turbines. Currently, the power generated by wind turbines can’t be stored and sometimes the offer of 
energy is larger than the demand. Electric vehicle may not only act as a transport device but also as 
an energy storage capacity. Therefore also the introduction of EV may stimulate the introduction of 
e.g. wind turbines or the other way around.  
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