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Abstract

Estimating Balancing Capacities of Electric Vehicles on
the German and Swedish grids in 2030

Zaheer Ahamed

The rising awareness of the pollutions from transports is leading to innovations within
the transport sector. Electric vehicles (EVs) are leading technologies riding this wave.
With many countries like Germany and Sweden joining the so-called EV30@30
campaign, aiming for 30% of new electric vehicles sales by 2030. These ambitions
alongside an ever increasing capacity of variable renewable energy sources (RES) in
our power systems, pose a concerning challenge for TSOs to maintain proper power
system operation. Imbalances between supply and demand are undesirable in any
electrical power system and with the rising popularity of EVs and RES such events are
only expected to continue or even increase. 
Fortunately, with the recent development of V2G concepts as well as extensive
studies into the load-shifting potential of EVs, EVs presents an interesting solution for
power system balancing distributed energy storage system. With the establishment of
energy storage systems as possible balancing reserves on the grid, this study attempts
to simulate real-time grid balancing operation of EVs to analyse their ability to
improve operation of the grid. In this study the characteristics of EVs as an energy
storage system are analysed, based on present traffic behaviour, and their balancing
capacity estimated. Furthermore a brief analysis of the impacts of such an operation
strategy on the electric vehicles themselves is also carried out. 
The study showed that EV are capable of balancing the grid for approximately 60% of
the time providing 55-60% of the total balancing energy required. The EVs also
exhibited a high balancing power even at low penetration levels. However, they did
show a tendency to reach its limits and signify their inadequacy to be the sole
balancing reserve. The operation also took heavy toll on the EV’s battery
performance as it could potentially reduce its life to a 1/7th of its original lifetime. The
study also emphasizes the need for further studies and analysis to reach a more
comprehensive conclusion.  
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Nomenclature List 

 

EV Electric Vehicle 

TSO Transmission Systems Operator 

V2G Vehicle-to-Grid 

RES Renewable Energy Source 

BEV Battery Electric Vehicle 

PHEV Plug-in Hybrid Electric Vehicle 

UNFCCC United Nations Framework Convention on Climate Change 

PCR Primary Control Reserve 

SCR Secondary Control Reserve 

TCR Tertiary Control Reserve 

SOC State of Charge 

DSR Demand-Side response 

DOD Depth of Discharge 

T(m,Y) Temperature for a given month (m) and year (Y) 

ΔXYonY Year-on-year shift of the mean of a parameter (X) 

𝜀x Error distribution for a given parameter (x) 

Px(y) A variable (y) dependent regression polynomial for a given parameter (x). 

gx Growth rate of a given paramter (x) 

DEV Demand from EVs 

C_pn Charging power for a given EV (n) 

LFx Load factor of the specified technology (x) 

R_profilem Hourly radiation profile for a given month (m) 

Gx Generation from technology (x) 

Dr Residual Demand 

GTHEMA Generation curve from THEMA Dispatch Model 

ITHEMA Net import curve from THEMA Dispatch Model 

GW,adj Adjusted Generation for Wind 

Dgrid Total demand connected to the grid 

Pgrid Total Power supplied to the grid 

Pr Released power  

fnom Nominal Frequency 

ft Frequency at time (t) 

Ps Surplus power on the grid 

Pmax Maximum power capacity of the grid 

PB Balancing power required 
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1. Introduction 

 

The popularity of Electric Vehicles (EVs) has been rising in recent years. The unhealthy impact of 

fossil fuels and their prices alongside the sweeping sentiment of environmental protection have led to 

an increasing call for cleaner and more sustainable technologies. With rising awareness among the 

populace regarding the impact of transport on global emissions as well as changing perspective, the 

sales of the EVs has been rising all across the world [1]. The technical and economic breakthroughs in 

Electric Vehicle industry have also lent to this phenomenon. These vehicles equipped with electric drive 

trains generally require the use of a battery to generate power for propulsion. With their dependence on 

the grid for energy as well as their concentrated load demands (due to high charging requirements), 

these are predicted to cause large short imbalances in the grid [2].  

The grid imbalances occur when the power produced and the load connected to the grid are not equal. 

These imbalances are due to the indeterminate nature of the load and generators which cannot be 

forecasted down to very fine time resolutions. There are dynamic power and load sources that are 

generally used to bring these imbalances under control. These sources are classified as ancillary 

(balancing) services. Typically, the ancillary services are procured by Transmission Systems Operators 

(TSOs) to ensure the management of the system and are divided into frequency ancillary services 

(balancing of the system) and non-frequency ancillary services (voltage control and black-start 

capability). The frequency ancillary services are used to maintain the frequency of the grid at 50 Hz [3]. 

These frequency services are the focus of this study.  

In addition to increasing EV population, Germany’s decision to phase out Nuclear power plants by 

2022 is also expected to put additional pressure on the grid security as Renewable Generation is 

expected to compensate for the phased out capacity [4]. With the saturation of the hydropower resources 

in Sweden, new capacities to keep up with demand rise is also expected to be partly fulfilled by 

Renewable sources along with Biomass and waste incineration plants. These simultaneous increases in 

the shares of renewables in the generation mix of both countries in question alongside the accelerated 

electrification of the transport sector is expected to increase the necessity for more storage technologies 

in order to balance the grid better and help improve the integration of intermittent renewable energy 

sources into the grid [5]. 

An important component of an Electric Vehicle is its battery, which is the source of all or part of the 

energy required for transportation. Considering that, Electric Vehicles like an average passenger cars 

are predominantly parked throughout the day, with even rush hour traffic expecting less than 20% of 

the cars commuting, they are expected to be available for connection to the grid for a significant portion 

of the time [6]. Assuming a fair percentage of these are connected to the grid through charging 

infrastructure, it represents a vast capacity of energy storage that is available to moderate energy flows 

in the grid.  

The rising interest in smart grids which requires developing additional functionalities and capabilities 

to the existing electrical grid, alongside the large stationary time of EVs has led to a discussion of the 

participation of EVs in ancillary services like frequency control reserves to stabilize the grid as well as 

reduce the impact of unconstrained charging on the grid stability. An integral part of this new generation 

of grids is the Vehicle-to-Grid (V2G) concept that has been developed in the recent past. V2G is defined 

as a concept that uses EVs as a distributed resource for both load and generation volumes [7]. This 

describes a system where EVs communicate with the power grid to sell demand response services by 

either returning electricity to the grid or throttling their charging rate. The proponents of the idea also 

suggest that such a V2G concept could make the EV cheaper to own [8].  

The aim of the thesis is to estimate the capacity of EVs to participate in the control reserve, and to 

study the impact of such an operation from a grid, reserve and vehicle perspective. This study attempts 

to simulate a real-time grid balancing operation in a Monte-Carlo simulation to arrive at expected values 

of grid balancing services offered by EVs. The expected demand and EV loads are individually 

generated and so is the variable renewable energy sources (RES) generation. This would require 

extensive data in order to develop and test the forecasts. A dispatch model is used to fulfil the remaining 

demand and a balancing model is developed to operate EVs as balancing services.  
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The next chapter of this thesis report aims to establish a short background on the important 

components of the study as well as to outline the purpose of this research in more detail. Chapter 3 will 

deal with the methodology applied in the various sub-modules employed in this simulation in detail. 

The 4th chapter explains the results obtained from the model and tries to put them in the perspective of 

the different stakeholders. The final chapter contains some concluding remarks about the results 

obtained as well as the study and its further scope.  

2. Background 

2.1 Electric Vehicles 

Electric Vehicles have been a rising technology over the past several decades as the next wave of 

transportation. Electric Vehicles are defined as vehicles that utilise electric or traction motors for 

propulsion. The energy source maybe either a collector system or self-contained such as battery or an 

on-board electric generator (independent of fuel-type). Currently there are 3 major types of EVs 

available commercially or are close to being developed for commercial markets. These are: Battery-

powered EVs (BEVs), Fuel cell EVs and plug-in hybrid EV (PHEVs) [9]. BEVs and Fuel-cell EVs are 

purely electric drivetrains while a PHEVs have an internal combustion engine as well. The fuel-cell 

EVs may or may not have a battery as the function of a battery (energy source) is replaced by the fuel-

cell. The electric vehicles considered in this study consists primarily of BEVs and PHEVs, specifically 

ones with an active electric storage device (a battery).  

According to Germany’s Sixth National Communication published under the UNFCCC, the 

government aims to have 6 million EVs on road by 2030 [10]. That would equate to a market penetration 

of approximately 10% of the entire passenger car fleet of Germany. While Sweden does not have any 

official deployment targets for 2030 announced yet, the expected potential for EV ranges from 1-1.5 

million depending on different studies with a total share of around 15% of the total vehicle stock [11-

12]. These numbers are in line with expected penetration of EVs in the future markets [13].  

According to studies, such low levels of market penetration, can still cause problems in the grid in 

the form of both frequency and non-frequency deviations [14]. The overlapping of EV loads with the 

observed daily peaks on the grid only adds to the problem as it is likely to push the prices of electricity 

higher while also requiring a larger generation fleet to cover the peaks loads. These are expected to push 

significant cost to both consumers and TSOs if left unchecked [15]. One of the strategy that has been 

suggested and extensively studied is the co-ordinated or smart charging EVs. This concept considers 

control of when to charge the EVs regardless of their actual plug-in times. These generally attempt to 

charge the EV at low load hours and help reduce the minimum loads prevalent on the grid (valley-

filling) [16]. Another strategy in load-shifting is to couple it directly with a renewable source and co-

ordinate charging to coincide with highest generation levels and has been demonstrated to be viable 

both technologically and economically [17]. 

Another concept developed on top of the smart charging system is the V2G concept. This accounts 

for the possible ability of EVs to supply power back into the grid. These have a dual advantage of 

supporting peak generation as well as increasing the minimum loads allowing for a smoother demand 

curve. The V2G inclusive methods tend to use an aggregator media to act as a controller and model EV 

loads based on either price signals [18] or grid parameters such as frequency or voltage on medium/low 

voltage networks [19]. These studies show that integrating low penetrations of EV are viable scenarios 

and form the groundwork of this thesis in terms of laying out the interaction between the grid and EVs. 

2.2 Frequency Control 

The other important aspect of this study is to understand frequency control and the requirements for a 

power unit to be considered as a control reserve. To outline again, grid imbalances occur when there is 

an inequality between generation and load. Due to the stochastic behaviour of network users (both 

producer and consumers), the feed-in and offtake cannot be perfectly co-ordinated. Hence there is 

always a slight imbalance between the feed-in and the offtake and due to the synchronous coupling 
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between rotating generators and network frequency, these imbalances cause deviations from the 

nominal set-point.  

When the load exceeds the generation volume, the frequency of the grid drops. In such an instance, 

additional power sources are brought online to compensate for the power deficit and restore the grid 

frequency to 50 Hz. Another method of controlling frequency drops is to cut-off loads connected to the 

grid. This practice is called load-shedding. Both these measures are classified as positive balancing 

reserves. Conversely, when there is a power surplus in the grid, the grid frequency rises and power 

plants are either ramped down or storage technologies are brought online to consume the surplus power 

and supply them later in a controlled manner. These reserves are termed as negative balancing reserves. 

Hence EVs with their controlled charging behaviour as well as the V2G concepts can act as both positive 

and negative balancing reserves on a grid. 

In Sweden, the maximum steady-state frequency deviation is set at 500 mHz and the stable frequency 

range is defined between 49.9-50.1 Hz. In Central Europe, the maximum deviation is 200 mHz and the 

stable frequency region is 49.95-50.05 Hz [3]. The nominal set point is 50 Hz, and deviations from this 

set point is a measure of the quality of supply and substantial deviations cannot be tolerated. The general 

inertia of generating machines as well as the self-regulating behaviour of loads provide some 

instantaneous containment of grid frequency but such measures are limited in their scope and not 

adequate to ensure operational security. The Transmission System Operator (TSO) is responsible for 

the operational security of the grid and developing and deploying tools to prevent disturbances on the 

grid [3]. These balancing reserves (ancillary services) used for balancing the system are classified as 

frequency control reserves. Presently frequency services employed by the TSO is divided into three 

types of reserves: primary, secondary and tertiary control reserves [20].  

These are utilized by the TSOs in different timeframes and have different requirements to qualify as 

such. The primary control reserve (PCR) has to activate as fast as possible and hence is automatically 

activated in a non-selective manner from the total interconnected system. In most cases, the activation 

of these are controlled by decentralised units such as the speed controllers of individual generators and 

has a complete activation period of 30s. The primary reserve are proportional regulation and hence are 

utilised to stabilise the frequency (not necessarily at 50Hz).  

It is up to the secondary control reserve (SCR) to provide balancing energy to bring this new set-

point back to the nominal set-point. The activation of secondary control reserve is also automatic 

although unlike primary control, this is done in a selective manner in order target those subsystem that 

are directly responsible for the imbalance. The first step of the secondary control reserve is to free up 

the PCR for it to be available for further balancing and then to provide the necessary balancing power 

to bring the grid frequency back to the set point (50 Hz). SCR generally aims at reserve capacities that 

can be deployed not only for short but also long periods of time. The activation time for SCR is 5 

minutes in Germany [21] and 2 minutes in Sweden [22].  

In case of large deviations or failure events, the tertiary control reserves (TCR) are expected to step 

in and fill in for the power or load deficits. These are expected to activate fully within 15 minutes and 

are also used to free up SCR for subsequent operations. The TCR are expected to last for longer duration 

of 15 minutes to several hours. Unlike the previous two, TCR is a TSO controlled reserve rather than 

an automatic reserve. It is activated based on the TSO’s estimation of immediate imbalances and the 

necessity to release secondary reserves for operation.  Figure 1 shows an overview of the activation 

process of different types of frequency controls and their specific objectives in the entire frequency 

control mechanism [23]. 
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Figure 1. An overview of the different control reserves and their application.  

2.3 Purpose of Research 

Since EVs are representative of a distributed electrical energy storage system connected to the grid and 

such energy storage system have been demonstrated to be able to function as frequency response 

services [24], it is reasonable to expect EVs to participate as such a frequency control reserve. 

Hence the EV fleet needs to be described as an energy storage system with a variable battery size 

along with its state of charge (SOC). An important step in describing the EVs as a battery reserve would 

be to study the traffic behaviour in the two countries to arrive at their plug-in and charging times. The 

first part of this thesis is to model the grid imbalance as it could be expected in 2030 incorporating the 

expected EV behaviour alongside the forecasted demand and RES projections. The second part aims to 

deploy EVs as a secondary control reserve and analyse how it effectively helps balance the grid.  

A cursory glance at the activation time of the different types of control reserves reveals that EVs can 

expected to operate as either SCR or TCR. But an important feature of these reserves is the energy 

output. Both tertiary and secondary reserves should be able to supply energy for their respective 

expected time periods consecutively within short instance of each other in either the same direction or 

in opposite. This means that as a secondary reserve the EVs would be expected to supply power (in one 

direction) for approximately 15 minutes before deactivation and yet have enough reserve to be able to 

supply 15 minutes of service within the hour. Therefore an estimation of the duration of balancing 

service of EVs is done to identify its quality as an ancillary service. 

The final part of this thesis would be to compare the battery usage and the energy flow through it to 

its original behaviour to understand the impact of such a service on the EVs’ battery. Since such 

intermittent charging and increased battery activity is expected to degrade the battery faster, a brief look 

at the expected deviation from normal behaviour and its impact will be taken.  
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3. Methodology 

The entire model, used to simulate the scenario and estimate results, was split into smaller sub-

procedures for easier handling and understanding. The language of choice was Python while MySQL 

was used to handle most of the data. Figure 2 shows a schematic representation of the model. The major 

four modules of the model were Consumption prognosis, Generation prognosis, EV behaviour 

Prognosis and Balancing Operation. All of them are described in more detail in the sub-sections that 

follow. The aim of the model was to run a Monte Carlo simulation for different seasons in the two 

countries in order to account for extreme situations as well as to identify the inter-quartile range of the 

values that can be expected for different parameters.  

 
Figure 2.A schematic diagram of the major sub-procedures of the complete model used in the study. 

The model generated different consumption profile and EV behaviour pattern for each simulation. The 

non-renewable Generation prognosis was very dependent on the consumption profile while the wind 

generation was generated independently of generation and consumption and was solely based off the 

historic data. The balancing operation was then carried out based on the three prognosis to complete 

one simulation. For each country, 4 seasons were represented by Jan (winter), April (spring), July 

(summer) and October (fall). Therefore, a total of 400 simulation were carried out for each country.  
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3.1 Generating Consumption Prognosis 

To begin the prognosis, past data was analysed to understand the dependencies present in the 

different metrics. To discuss briefly demand was tested against the type of day (weekday and weekend) 

and the average daily temperature. The average daily temperature was calculated as the average of the 

different regions of the country weighted by its population. The weather (temperature, wind speeds and 

radiation) and population data was obtained from Eurostat [25]. The radiation data showed a correlation 

value of 0.77 (same for both countries) to temperature while the demand showed a correlation of 0.86 

(0.97 for Sweden and 0.72 for Germany) to temperature. It is to be noted that wind speeds showed no 

such significant correlation to temperature in either countries. Due to the close impact of weather on 

both demand and renewable generation, an approximate forecast of weather to predict the demand 

profile was important. Temperature was considered fundamental variable to describe weather while the 

subsequent load and radiation estimations were based upon the initial estimate of the temperature. 

 

 
Figure 3. (a) Seasonal weather trends for Germany with the polynomial marked plotted in black. (b) Seasonal 
weather trends for Sweden with the polynomial marked in black.  

The weather data was available from 1979 for both countries while the load data was available from 

2006 for Germany and from 2010 for Sweden. The initial step was to analyse the seasonal trends present 

in the weather data and then find the average shift year-on-year. Hence, the first component to be 

considered was the seasonality of the temperature over the course of an entire year. A fourth degree 

polynomial was considered sufficient to capture the seasonality. The choice of 4th-degree was done in 

order to gain a R2 value above 0.9 (0.9149 and 0.9229 for Germany and Sweden respectively). The 

entire weather dataset from 1979 – 2017 was analysed and the appropriate regression polynomial (Eq. 

1 for Germany and Eq. 2 for Sweden) were extracted. The annual regression polynomial for temperature 

(T) is described by the equation 
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𝑇 = 0.017𝑚4 − 0.4867𝑚3 + 4.131𝑚2 − 9.3313𝑚 + 6.0461 (Eq.1) 

𝑇 = 0.0255𝑚4 − 0.6393𝑚3 + 5.524𝑚2 − 13.833𝑚 + 6.9751, (Eq.2) 

where m ∈ {1, 2…12} representing months.  Figure 3 shows the seasonal movements of the 

temperatures over the course of the entire year as well as how it fits the regression polynomial described 

above.  

Next, the linear trends of the weather forecast were considered from 1979 to 2017 and extrapolated 

up-to 2030 to find the yearly mean temperature movement in 2025 and 2030 as shown in Figure 4. The 

linear expression that captured the shift is described as  

𝑇𝑦 = 0.048(𝑌 − 1979) + 7.6108  (Eq.3) 

𝑇𝑦 = 0.0432(𝑌 − 1979) + 5.3275. (Eq.4) 

Since the regression polynomial was developed from the entire dataset the year-on-year shift was 

calculated from the centre of the available data which corresponded to year 1998. Hence the slope from 

the linear equation and the number of years from 1998 was used to calculate the temperature shift for 

any given year and added the temperature estimate from the regression polynomial. 

 

 
Figure 4. (a) Linear Weather trend for Germany (1979-2017). (b) Linear Weather trend for Sweden (1979-
2017). 

The final component added was the error in order to generate slight discrepancies in the numerous 

forecast. The error was extracted from monthly probability distribution. To develop the appropriate 

distribution, the dataset was first centred on their respective monthly regression means and a histogram 

of the deviations were plotted. Then the in-built Python distribution functions were called and fitted 

against the original histogram to find the best distribution type to use for future forecasts. The best 

distribution was identified through Kolmogorov-Smirnov test.  

The best probability distribution function for temperatures was identified to be hyperbolic secant 

distribution for Germany and generalized logistic distribution for Sweden. Using the appropriate 

distribution functions, an individual probability distribution for every month was created and fitted 

against the statistical data for every month. These probability distribution functions were stored as 

references for error generation. Figure 5 and Figure 6 show the individual monthly probability 

distributions of both countries. 
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Figure 5. Monthly Distribution of temperature deviation from the regression polynomial in Germany. 

 

 
Figure 6. Monthly Distribution of temperature deviation from the regression polynomial in Sweden. 

Therefore, the average daily temperature (T) for a given month (m) in a given year (y) was calculated 

according to the formula,  

𝑇(𝑚,𝑦) =  𝑃𝑇(𝑚) +  ∆𝑇𝑦−1998 + 𝜀𝑇,  (Eq.5) 

where PT(m) is the seasonal regression polynomial, ∆T is the year-on-year temperature shift and ε is 

the error generated according to the observed probability distribution. Figure 7 shows how the 

forecaster fared against actual observed values from 2000 onwards. 
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Figure 7. The comparison of average monthly temperature between the forecasted values (orange) according the 

method outlined and the observed values (blue). 

A similar approach is then employed to predict the total demand over the week. An overall load value 

is calculated using the regression polynomial (Eq. 6) used to identify the correlation between 

temperature (T) and demand (D). Different polynomials were used for different day types and for the 

two different countries. The general form of the equation was a 4th order polynomial was  

𝐷 = 𝑎𝑇4 + 𝑏𝑇3 + 𝑐𝑇2 + 𝑑𝑇 + 𝑒.   (Eq.6) 

Table 1. Summary of polynomial co-efficient for Demand for Eq. 6. 

 a b c d e 

DE Weekday -0.2132 19.023 -75.36 12530 463853 

DE Weekend -0.264 18.418 -24.858 12535 421673 

SE Weekday 1.2542 11.405 -849.54 10095 1692604 

SE Weekend -0.1 48.228 -896.93 14683 1473547 

Furthermore, a scaling function (Eq. 7) was used to adjust for the expected demand growth rate over 

the considered period. The values for expected growth (gd) were considered to be 0.5% for Sweden [26] 

and 0 for Germany [27]. The overall equation for demand forecast was as follows: 

𝐷(𝑇,𝑦) =  (𝑃𝑑(𝑇))(1 + 𝑔𝑑)(𝑦−2017) +  𝜀𝐷,  (Eq.7) 

where Pd(T) is the temperature based regression polynomial (Eq. 6), εT is the error generated 

according to certain probability distribution and gd is the expected demand growth rate. 
 

 
Figure 8. A comparison of the forecasted and observed demand values for 2017, July. 
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A separate distribution was used to capture the probability distribution of the deviations observed 

from the calculated temperature from the regression polynomial. This was used as the error function for 

the final demand value. Once the total demand for the entire week is forecasted has been forecasted, it 

is transformed into a daily profile depending on the day types and the expected error values are then 

added. Figure 8 shows a sample generated against the observed values.  

3.2 EV Behaviour Prognosis 

The second sequential procedure in the model is the forecast of EV loads. To begin generating the 

forecast of EV loads, the first step was to describe a representative fleet of (100) cars with mileage, 

battery size and charging power. This representative fleet’s load was scaled later to represent the entire 

EV population of the country. The expected EV population in Germany was considered as 6 Million in 

2030 while Sweden was expected to have 1 million by that time [1]. In case of the charging power, the 

probability was described as depicted in Figure 9.  These values are taken from the scenarios presented 

by Schauble [28] for Semi-public charging points. The values for mileage (NEDC) were chosen from a 

normal distribution with an expected mean value (�̅�) and empirical standard deviation (σ). The 

distribution of battery sizes was extracted from the empirical data available for both Germany and 

Sweden, and was used for random sampling of battery sizes for the vehicles. The battery distribution 

was a mixed Gaussian curve as shown in Figure 10. The expected mean values of EV characteristics 

were based on present day weighted averages with a linear extrapolation to the upper limit of best 

present EV models (Mileage (Renault Zoe) = 10.25km/kWh and Battery (Tesla Model S) = 85kWh). 

The mileage value considered here was NEDC value which has been oft criticised for over-estimating 

the values. Hence a correction factor (0.67-0.75) based on mean temperature of months was assigned 

to the individual cars when forecasting loads and multiplied with the mileage [29]. The present day EV 

population data were taken from Kraftfahrt-Bundesamt [30] and BILSweden [31]. The mean values for 

a given year is calculated were calculated by simple equation as given: 

�̅�𝑦𝑒𝑎𝑟 =  𝑥2017 +  𝛥𝑥𝑌𝑜𝑛𝑌(𝑦𝑒𝑎𝑟 − 2017),  (Eq.8) 

where  x2017 and ΔYonY are described in the Table 2. 
 

Table 2. A summary of values used to predict the Battery and Mileage distribution for 2030.  

 Battery (kWh) Mileage (km/kWh) 

 2017 2030 ΔYonY 2017 2030 ΔYonY σ 

Sweden 44.6 85 3.10 6.5 10.9 0.34 1.88 

Germany 32.2 85 4.06 7 10.9 0.30 1.89 
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Figure 9. Probability of charging power. 

 

Figure 10. Probability distribution of Battery sizes. 

 

Since the EV loads are in close relation to driving behaviour and in particular the end of trips a 

complete description of trips made by the EV fleet is important step to describe the EV loads as well as 

the surrounding parameters for subsequent optimization.  

For Sweden the data available was taken from the Swedish National Surveys 2004-2005. Since the 

more recent surveys released were a summary of the data collected, they proved to be inadequate to 

properly describe the driving behaviour of the general population. The survey consisted of 26,476 trip 

for the weekdays and 8,532 trips on the weekends. The data included trip times as well as the distance 

travelled for each trip for a single day. Furthermore, the origin and destination of the trips were also 

provided but for the scope of this study it wasn’t important to track them. For Germany, the trip survey 

data was taken from a study by Schauble [28]. The data covered parking events (n=6278) of an EV 

fleet. The survey data was used to generate a probability distribution of the departure times and distance 

travelled of each trip.  These distribution are represented in Figure 11 and Figure 12. 
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Figure 11. Probability of Departure for a given trip for every minute of the day for the two day types. 

 

 
Figure 12. Probability of Distance for a given trip for the two day types. 

After a log for a representative car fleet is defined, the next step is to generate the expected number of 

trips (n) for 100 cars. This was done by utilizing the departure and distance distributions described 

earlier while the number of trips generated was supplied by the trip survey trip data for Germany [28]. 

In case of Sweden, the number of trips was calculated using the daily average distance covered and 

comparing it to the average distance per trip [32]. The values of n are depicted in the Table 3. below. 

As an example, the expected number of trips for 100 cars over a week in Sweden is 1245. These trips 

are generated and consists of Departure, Arrival, Distance and Car ID as trip details. 

Table 3. A summary of values for expected number of trips per car per day in Germany and Sweden. 

 Weekday Weekend 

Sweden 1.85 1.6 

Germany 1.768 1.585 

 

The arrival times are calculated based on the distances travelled. A cubic regression polynomial is 

developed based on the trip survey data of Sweden that defines trip duration as a function of distance 

travelled. This duration is then added to the trip departure to come up with the trip arrival time. The car 

IDs are assigned by keeping track of which cars are parked during the trip departure time and randomly 

selecting one of the parked cars. This ensures no car is assigned multiple trips in the same timestamp. 

The model is also written to allow a minute’s gap between consecutive trips for the car.  
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These two datasets form the foundation of every subsequent EV calculations. To generate a 

normalized EV load, a new dataset tracking the status of every car for every minute over the entire week 

is created (100 rows x 10080 columns) with a default value ‘P’. The different variables used to describe 

the individual car status datasets are ‘P’ for parking, ‘C’ for charging and ‘D’ for driving. The model 

iterates to every car in the car log and updates the fleet status in 2 steps: setting driving status for all trip 

timings slots (Status ‘D’) and setting charging status by computing charge duration based on trip 

distance, battery size and mileage (Status ‘C’). The charge duration is calculated using the initial state 

of charge (SOC) of the car before the trip started, the trip distance, the mileage of the car and it’s 

charging power. Once the fleet status is updated, the EV loads are computed by summing the charging 

power (C_p) of every car that has its status set to ‘C’ for every minute as shown in equation 

𝐷𝐸𝑉(𝑡) =  ∑ 𝐶𝑝𝑛
(𝑡),  (Eq.9) 

where n ϵ car [status(t) = ‘C’]. 
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Figure 13. Flowchart depicting the EV Load generation process. 
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3.3 Generating Production Prognosis 

The generation prognosis consisted of two individual profile generation. The first was the renewable 

energy sources forecast and the other was the remaining generation (mainly conventional) fleet forecast. 

The approach to forecast RES generation was very similar to the one employed for Demand forecast. 

While the non-renewable fleet was modelled using a Dispatch model.  

 

 
Figure 14.The wind speed distributions of the two countries considered in January.  

 

To begin with, the correlation of radiation and wind speed data to the temperature was identified. As 

mentioned earlier, the radiation data showed an appreciable correlation (0.77) while wind showed no 

such correlation. Therefore, the wind speed values were taken on a very simple random sampling basis. 

The available data for wind speeds was fitted to a distribution using the Kolmogorov-Smirnov test. For 

both the countries, the closest fit was provided by the Weibull distribution albeit with different 

parameters. The shape parameter for Sweden was 3.33 and for Germany, it was 3.62. The monthly 

average wind speeds, which directly influenced the scale parameter, were used to define the second 

parameter of the distribution. This was done to account for the seasonality of wind occurrences. The 

range of monthly averages observed for Germany (5.87-3.33 m/s) was slightly wider in comparison to 

Sweden (4.2-3.6 m/s). Figure 14 shows the distribution of wind speed values for both countries.  

Once the wind speed values for every hour were sampled from the given distribution depending on 

parameters based on their month. The wind load factor (LFw) was calculated based on a regression 

polynomial calculated from the empirical data using equation 

𝐿𝐹𝑊 = 𝑎𝑤4 + 𝑏𝑤3 + 𝑐𝑤2 + 𝑑𝑤 + 𝑒,  (Eq.10) 

where w is the wind speed sampled from the distribution.  

Table 4 contains a summary of the coefficients used to describe the polynomials for the two countries. 

After the load factor was calculated, a rolling mean of 5 hours was considered in order to avoid sudden 

changes and give a smoother curve.  

The daily radiation data was generated by utilising the temperature values (T) generated in the 

demand forecast. This was used to calculate the expected average total radiation value (Rsum) by fitting 

a regression polynomial to the empirical data (Eq. 11). The values of the polynomial coefficients are 

given in Table 4. The load factor (LFrad(m,T)) is arrived at by fitting the total radiation value to expected 

load factor profile for solar PV for the given month (R_profilem). An error distribution of the radiation 
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values is generated using deviation from the regression trend line and is used as the sampling for the 

error function. The equations are  

𝑃𝑟𝑎𝑑(𝑇)  ⟹  𝑅𝑠𝑢𝑚 = 𝑎𝑇4 + 𝑏𝑇3 + 𝑐𝑇2 + 𝑑𝑇 + 𝑒  (Eq.11) 

𝐿𝐹𝑟𝑎𝑑(𝑚,𝑇) = (𝑃𝑟𝑎𝑑(𝑇) + 𝜀𝑟𝑎𝑑)(𝑅_𝑝𝑟𝑜𝑓𝑖𝑙𝑒𝑚),   (Eq. 12) 

where Pr(T) is the regression polynomial, 𝜀 is the error function, radiation profiles are selected from 

the average profiles generated from the historic data available. Figure 15 shows the different mean 

radiation profiles that were observed in the data for the different months.  

Table 4. Summary of polynomial coefficients for Wind Load factor and Radiation. 

 a b c d e 

DE WLF 0.0002 -0.006 0.0564 -0.1131 0.1013 

SE WLF -0.0001 0.0017 -0.0059 0.099 -0.1008 

DE Radiation -0.0106 0.0301 6.5326 58.497 435.59 

SE Radiation -0.0075 0.0377 6.617 21.105 642.54 

 

 
Figure 15. The different radiation profiles used for RES generation forecast for Germany (a) and Sweden (b). 
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To calculate the expected generation, the load factor forecasted was multiplied by the expected 

capacities of the renewable technology as shown below (Eq. 13). The expected growth rates of wind 

capacities starting from 2017 in Germany and Sweden were 2.1% and 4.1, respectively [33]. For solar, 

the expected capacities were around 65 GW for Germany [34]. Due to a lack of consistent value for PV 

forecast, the growth rate was calculated from past data [35] and extrapolated to 2030. The calculated 

value for PV capacity came close to 2 GW which was a conservative number compared to some other 

report, but due to the low contribution of solar technology to Sweden was considered acceptable. The 

generalised equation is as follows 

𝐺(𝑅𝐸𝑆,𝑦) = (𝐿𝐹𝑅𝐸𝑆)(𝐶𝑅𝐸𝑆,2017)(1 + 𝑔𝑟𝑒𝑠)𝑦−2017.  (Eq. 13) 

The next step in the process was to generate a generation curve for the conventional power plant fleet 

to fulfil the remaining demand. The dispatch model utilized in this thesis was a proprietary model called 

THEMA. THEMA is an advanced model for power market simulations developed by THEMA 

Consulting Group. THEMA is a fundamental power market model that mimics power market by 

minimizing system costs under a number of constraints (e.g. that production plus imports equals demand 

plus exports). The model is very flexible and can be tailored to the specific needs. Nothing is hard-

coded and all parameters can be easily adjusted. The model is implemented in Excel, and the actual 

optimization is performed by GAMS, using CPLEX (or other solvers). 

The input curve of the THEMA model is generated by calculating the overall residual load (Dr). The 

residual load is arrived at by taking the forecasted non-EV load (D(T,y)) along with the synthetic EV load 

(DEV) and subtracting the RES generation (Gw and Grad) predicted (Eq. 14). The equation for the overall 

residual demand is given as,  

𝐷𝑟(𝑦) = 𝐷(𝑇,𝑦) + 𝐷𝐸𝑉 − 𝐺(𝑤,𝑌) − 𝐺(𝑟𝑎𝑑,𝑦).  (Eq.14) 

The residual demand curve is on an hourly resolution since the THEMA model works on hourly values. 

The THEMA dispatch modelling is based on prioritizing welfare (supplying demand) and then the cost 

of dispatch. The reason to use a dispatch model is to mimic the actual grid dispatching by the TSO and 

take into account the ramping ability of the country’s generation fleet in response to load fluctuations 

as well as its transmission capacity and blockages it creates in the grid. These constraints generate slight 

deviation between the demand and generation curve, which is what the EV fleet will subsequently try 

to reduce.  

During the dispatching operation, the THEMA’s internal RES (Wind and Solar) power plants were 

deactivated (set to 0) since these used a generic profile for RES generation (2016 profile). Otherwise, 

the internal assumptions (regarding capacity growth of individual technology, nuclear phase-out of 

Germany, etc.) of the generation fleet of THEMA was kept intact. The deactivated RES generators were 

replaced by the RES forecast that was generated separately in the overall model. It is important to note, 

that the model’s logic sequence, the Demand, EV and RES forecast were generated in that order and 

the RES forecast was considered as load supplied. The remaining unsatisfied load was dispatched in 

THEMA.  

As observed earlier, the THEMA model works on an hourly resolution. This is comparable to how 

the DSO’s accept generation bids in the day-ahead market. While the 15-minute bids are considered in 

the intraday market, modelling this dispatch would require much more expertise in GAMS to rewrite 

the internal optimization code and was not considered in this work. Hence the EV load curve that is 

generated on a minutely basis is averaged over every hour to suit input resolution of the THEMA model.  
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Figure 16. Comparison of the THEMA Input vs Output 

The output from THEMA model was in two parts. The first was the generation values of all the 

individual technology blocs present in the model. This was aggregated as the overall generation curve 

(GTHEMA). The second part of the output was the trade values. This was the net import into the 2 national 

grids from neighbouring grid based on the transmission capacities between countries (ITHEMA). 

Therefore, the overall generation expectation to the grid is 

𝐺𝑡𝑜𝑡𝑎𝑙 =  𝐺𝑇𝐻𝐸𝑀𝐴 + 𝐺𝑟𝑎𝑑 + 𝐺𝑊 + 𝐼𝑇𝐻𝐸𝑀𝐴.    (Eq. 15) 

3.4 Grid Balancing Operation 

Once the demand forecast, RES forecast and the synthetic EV load have been generated for a single 

simulation, and the generation and transmission values for the grid obtained from the THEMA model, 

the actual overall supply and load values are calculated. This requires an intermediate step of 

interpolating all values generated thus far into minute resolution and adjusting the wind generation in 

accordance to the observed deviation of wind generation from forecast values due to its uncontrolled 

nature. The interpolating was done linearly for all curves except EV loads which was originally in 

minute resolution. The error between forecasted and observed wind generation values was studied from 

the respective datasets (ENTSO-e for Germany and NordPool for Sweden) and the error distribution 

identified. The error distribution in this case was a normal distribution with a mean of 0.02 and standard 

deviation of 0.12. Hence the wind generation forecast was adjusted as 

𝐺𝑊,𝑎𝑑𝑗(𝑡) = 𝐺𝑊(𝑡) (1 + 𝜀𝑤𝑓(𝑡)),    (Eq. 16) 

where 𝜀𝑤𝑓is the observed forecasting error. Therefore, the instantaneous demand (Dgrid) and supply 

values (Pgrid) are given by the equations  

𝐷𝑔𝑟𝑖𝑑(𝑡)  = 𝐷(𝑇,𝑦)(𝑡)  +  𝐷𝐸𝑉(𝑡)    (Eq. 17) 

𝑃𝑔𝑟𝑖𝑑(𝑡) =  𝐺𝑇𝐻𝐸𝑀𝐴(𝑡) + 𝐺𝑟𝑎𝑑(𝑡) + 𝐺𝑊,𝑎𝑑𝑗(𝑡) + 𝐼𝑇𝐻𝐸𝑀𝐴(𝑡). (Eq. 18) 

All the calculations henceforth were done on a minutely basis. To calculate the grid frequency, a few 

intermediate variable had to be defined. The entire generation fleet was treated as a single generator 

while the entire load on the demand side was considered a rotating machine. Since the load consumption 

of a rotating machine changes based on the change in frequency, a new variable (Pr) was defined to 

calculate the load released in the load requirement. When the frequency drops, the machines 

consumption falls and vice versa. This load released was treated as generation supplied to the grid to 

calculate power surplus present (Ps). As the entire generation was considered as coming from a single 

generator, the maximum generation capacity (Pmax) was calculated as the sum of instantaneous 

generation volume and expected primary control reserve volume (Psr). The primary control reserve 
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values expected in 2030 for Germany and Sweden were 5.2 GW and 725 MW, respectively [27]. These 

intermediate values were calculated using equations 

𝑃𝑟(𝑡) = −𝑃𝑔𝑟𝑖𝑑(𝑡)
(𝑓𝑡−1− 𝑓𝑛𝑜𝑚)

𝑓𝑛𝑜𝑚
   (Eq. 19) 

𝑃𝑠(𝑡) = 𝑃𝑔𝑟𝑖𝑑(𝑡) − 𝐷𝑔𝑟𝑖𝑑(𝑡) + 𝑃𝑟(𝑡) (Eq.  20) 

𝑃𝑚𝑎𝑥(𝑡) = 𝑃𝑔𝑟𝑖𝑑(𝑡) + 𝑃𝑠𝑟.    (Eq. 21) 

The frequency was then calculated based on the intermediate variable calculated and the frequency 

in the previous time step as shown  

𝑓𝑡 = √𝑓𝑡−1
2 +

𝑓𝑛𝑜𝑚
2 (𝑃𝑠(𝑡))

4 (𝑃𝑚𝑎𝑥(𝑡))
 .   (Eq. 22) 

The frequency at t=0 was calculated with 50 Hz (fnom) as an assumption for the previous step (ft-1). 

Figure 17 and Figure 18 show an instance of the grid for Germany in July, 2018. The majority of the 

deviations occur due to the adjusting of the wind forecast, as well as the streaky EV loads. The 

difference between the load present (accounting for load released due to frequency deviation) and the 

available power is the balancing power required to stabilize the grid. This is the negative value of Ps 

defined earlier. A positive balancing power requirement represents a generation shortfall and signifies 

the need for increased generation in order to bring the grid to 50 Hz. Conversely negative balancing 

power requirement signifies a generation surplus and quantifies the load-ramping or generation 

curtailment required in the grid.  

 
Figure 17.An instance of Grid Frequency for Germany in July, 2018. 
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Figure 18. An instance of load (orange) and power (blue) on the grid for Germany in July, 2018. 

Next, 10 cars (10%) are chosen at random from the respective simulation’s car log as vehicles with 

smart charging capability. This was to represent all of the grid balancing capacity from the EVs, through 

any of the fleet aggregators, smart grid operators, or local energy communities.  The fleet status and 

state of charge (SOC) of these cars then calculate based on their trips as described under the topic EV 

Behaviour Prognosis. Once, the two values are generated, the positive and the negative reserves 

available from the smart cars are calculated. The positive reserve was defined as the load shedding or 

generation capacity that could be provided by the smart cars (includes both parked and charging cars).  

First the cumulative charging capacity of all the parked smart cars is calculated and then validated 

against the energy available in their batteries. Available energy was defined as energy in the battery 

beyond the 50% SOC since the assumption is to restrict draining the battery below 50% for grid 

balancing operations.  The negative reserve was defined as the load-ramping capacity of the parked 

smart car. A similar approach as to that used for positive reserve was applied to calculate the negative 

reserve with the restraint being the SOC couldn’t exceed 100%. Comparing the balancing requirement 

with the limits of the reserves, both positive and negative, gives an estimate of the ability of the smart 

car fleet to provide balancing power.  
Once the initial frequency was calculated, the balancing was carried out based on whether the 

frequency fell in the region of security or not. The secure region was defined as between 49.95 and 

50.05 Hz (±50 mHz stable frequency range). This is the specified region for Central Europe and chosen 

ahead of the larger range used for Nordic Grids (49.9-50.1 Hz). This region (dead gap) was the range 

within which the EV behaviour was unchanged. Above the specified range, the smart car were 

programmed to absorb additional power from the grid by charging.  While below this region, the initial 

step was for the smart cars to shed load and stop charging. In case the load-shedding proves insufficient, 

the smart cars were then programmed to discharge from their batteries down to 50% state of charge to 

provide generation to the grid. Figure 19 below shows the different behaviours of the smart cars.  
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Figure 19.  The different EV operation modes with respect to the frequency deviation observed. 

 

The schema of the individual balancing function and where it fits in the grid balancing operation is 

described in Figure 21. The 3 different behaviour functions were realized as shown in Figure 20. The 

initial step is to iterate through every car in the smart car fleet and check for its suitability for the 

operation.  The suitability was defined as, 

 

 For load ramping (G2V), car should be parked and SOC < 1, 

 For load shedding, car should be charging and SOC >0.5, 

 For generation (V2G), car should be parked and SOC > 0.5. 

 

If a car’s operation mode was changed it was reflected in its status being changed appropriately with a 

new variable ‘G’ introduced to specify generation mode.  The corresponding variables for load-ramping 

is ‘C’ and load-shedding is ‘P’. The EV load and grid frequency are then recalculated according to the 

methodology outlined earlier. The new grid frequency is then checked for security. Another inner check 

is provided by tracking the difference between the frequency and 50 Hz, and once the recalculated grid 

frequency is seen to deviate away from 50Hz, the operation is promptly exited and the next time step is 

analysed.  This was done due to the fact that, in later scenarios, changing the charging behaviour of just 

one smart car (which represents 1% of the EV fleet) caused the frequency to sometimes jump over the 

entire secure region and go from grid surplus to grid shortage (or vice versa). Without the inner check, 

the operation would continue to pursue grid secure region and cause opposite unbalancing. 

Once the complete balancing operation for a simulation is completed, the final frequency is stored 

as well as the residual balancing power required (PB) are calculated by rearranging the frequency 

calculation equation (Eq. 23) as follows  

𝑃𝐵(𝑡) = 4 𝑃𝑚𝑎𝑥(𝑡) (
𝑓𝑡

2−𝑓𝑡−1
2

𝑓𝑛𝑜𝑚
2  

).  (Eq. 23) 

Alongside, each individual car’s contribution to the balancing is recorded as a cumulative value.  The 

overall load of the EV fleet is also captured for possible analysis.
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Figure 20.  Detailed flowchart of the how the three EV operations are realized in the model.
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Figure 21. An overview of how the entire balancing operation works and how the general schema of the grid 

balancing looks like.  
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4. Results 

The Model was run for a representative week for every season with a 100 simulations each. Each season 

is represented by a week from Jan (winter), April (spring), July (summer) and October (fall). A total of 

400 simulation were carried out for each country. Individual data for 4000 smart EVs (10 per 

simulation) was collected for Germany and Sweden each. A detailed assessment of the results collected 

is as follows. 

4.1 Grid Balancing 

The stability of the grid saw appreciable increase with EVs acting as the only secondary reserve source. 

While there was no visible trends between the seasons to suggest renewable generation (increased Solar 

in summer and/or increased wind in winter) played a significant role in short-term imbalances and 

increased or changed the nature of secondary reserve required for grid balancing. Figure 22 and Figure 

23 shows initial frequency of the grid that needs to be balanced and the balanced grid frequency. As 

can be seen the EV fleets possess suitable capacities to be able to balance the grid to a large extent. To 

compare the German EV fleet showed slightly greater capabilities in managing grid imbalances than its 

Swedish counterpart.  

To summarize the EV fleets capacities, 10% of the German EV fleet accounted for around 600,000 

cars and cumulatively had a socket capacity of around 13GW. In case of Sweden, the same percentage 

of the EV fleet accounted for ~100,000 cars and a cumulative socket capacity of about 2.5GW. In terms 

of energy, Swedish smart EV fleet provides a battery size of 5 GWh with an average SOC of 0.9, hence 

the positive energy supply being 2 GWh and the negative energy supply being 0.5 GWh. In Germany, 

the EV fleet has an estimated battery size of 28.5 GWh with the same average SOC of 0.9. This supplies 

a positive energy of about 11.5 GWh and 2.8 GWh of negative energy reserve. 

 
Figure 22. Comparison of the grid frequencies of 4 representative week in 2030 for Germany, before and after 

balancing with EVs. 
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Figure 23. Comparison of the grid frequencies of 4 representative week in 2030 for Sweden, before and after 

balancing with EVs. 

Table 5 shows a summary of the grid stability values. The simulation showed that the EVs possess 

enough capabilities in terms of power capacity and energy reserves to be able to balance the grid just a 

little over 50% of the time. Hence EVs can be used to a large extent to reduce the actual energy used 

from the secondary reserve while it cannot be expected to replace other secondary reserve technologies. 

An interesting takeaway from the grid frequency plot is the inconsistency in dealing with some 

imbalances despite it being small. These arise due to the EV fleet reaching its balancing energy limits 

i.e. all the smart cars are either fully charged or discharged down to 50% of its capacity. 

 
Table 5. A summary of the grid stability states. 

 Germany Sweden 

 Jan Apr Jul Oct Avg. Jan Apr Jul Oct Avg. 

Before 3.87 4.26 4.97 4.34 4.36 5.84 3.97 4.48 4.40 4.67 

After 56.77 62.66 65.92 60.78 61.53 67.70 62.77 66.04 67.53 66.01 

Increased 52.90 58.40 60.94 56.44 57.17 61.86 58.80 61.57 63.12 63.34 

Another interesting observation was seen when the limits of grid security was extended to 49.9-50.1 Hz 

for Germany. The stability values before and after balancing increased to 8.9% and 75.1%, respectively. 

While this represents a 4% increase on the previous standard, it marks a 20% increase for the post-

balanced stability value suggesting that a lot of minutes the grid frequency is borderline outside the 

accepted limits. This explains the perceived stability of the Germany grid in contrast to the Swedish 

grid even though both have a similar stability values. This could be due to the resolution of the EV 

capacities modelled, since the model works by changing the behaviour of 1% of the fleet at a time. In 

the context of Germany in 2030, it represents a balancing capacity of ~1.3 GW (for a charging capacity 

of 22kW), which is greater than the balancing power required regularly. Hence a power switch either 

way, can cause a frequency deviation (~0.11Hz) that is greater than the entire stability band and might 

jump from power surplus to power shortage without passing through the stable region. One way to 

navigate this would be to resolve the balancing power into finer units by using more cars to model the 

smart car fleet. Such a drastic difference isn’t seen in Sweden (a rise of 4% in both pre and post-balanced 

values), presumably because the 1% of the EV population represents 0.6Hz change which leaves it 

unlikely to miss the original stability region (49.95-50.05 Hz). 
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In terms balancing energy provided, the EVs provided on average 63.03% and 73.82% of positive 

and negative energy required in Germany, and 76.88% and 52.04% in Sweden in every simulation. On 

the whole the observed average positive and negative balancing energy in Germany was around 29.30 

and 28.93 GWh every week. The values for Sweden were 4.07 and 8.11 GWh, respectively. The EVs 

provided an average positive and negative balancing energy of 15.21 and 19.57 GWh in Germany, and 

2.80 and 3.88 GWh in Sweden.  

 
Figure 24. Comparison of the initial and final balancing energy required for a grid instance in Germany, 2030. 

 
Figure 25. Comparison of the initial and final balancing energy required for a grid instance in Sweden, 2030. 

Figure 24 and Figure 25 are a comparison of the initial and final balancing energy values for both 

countries. The lack of no balancing energy instances in the graph leads to an important observation. The 

balancing operation leads to a change in the frequency of the magnitude of balancing energy required 

as shown in Figure 26. In both countries the EV lead to a reduction of balancing energy of medium to 
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high-values while it lead to an increase in small balancing energy values. This is another indication that 

a more finely resolved balancing capacity of the EV fleet would help better approximate the reduction 

in balancing energy required. This would be expected to give a higher balancing energy adequacy, as 

the low values of balancing energy observed can be supplied by the EV itself, leaving the occurrences 

of very large imbalances (peak or prolonged) as the only unbalanced grid times.  

 
Figure 26. Frequency of different magnitude of balancing energy required in Germany (left) and Sweden (right). 

4.2 Balancing Reserve 

The first analysis of the EV fleet is done to identify the overall size of the EV batteries connected to the 

grid and their weighted SOC and to find the controlling parameter. As can be seen from Figure 27 the 

average SOC of the fleet is very stable although it does show some recurring trend over a day the overall 

drop is very low. This is explained by the fact that most of these trips are short and do not drain the 

batteries significantly and are charged back again quickly. Coupled with the fact that most EV are 

parked and the slightly drained EV represent a small portion of the fleet, the weighted average shows 

no significant variation. The 0.3 percentile value (a 0.997 probability that the average SOC is above the 

value) for the SOC was found to 0.88 for Germany and 0.84 for Sweden further strengthening the 

argument that average SOC of the fleet is fairly constant throughout. 

 
Figure 27.  Comparison of the SOC of the average individual EV batteries over the course of a week in Sweden 

and Germany. 
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Figure 28. Comparison of the Battery connected to the grid via EVs in Germany and Sweden. 

On the other hand, the battery size show appreciable change in intra-day values. In case of Sweden, 

the EV battery connected to the grid show 2 minima every weekday between 7-8h and 16-17h which 

corresponds to the daily commute hours while on the weekend no such marked trends were visible. In 

Germany, the EV Battery variability showed no such correspondence to commute hours in either day 

types but did possess daily trend that fell during midday an example of which is shown in Figure 28. 

The 0.3 percentile value for battery size variability was found to be 67% of the overall battery size for 

Germany. The corresponding value for Sweden was 65%.  

An important inference from the two previous figures is that the overall energy reserve from the EVs 

(both positive and negative) is influenced greatly by the number of EVs connected rather than the SOC 

of its battery as the overall reserve fractions show a close correlation to battery size variability. Figure 

29 shows the energy reserve as a percentage of the overall expected smart EV’s battery size. It can be 

seen that Swedish EV fleet shows more variability in its reserve values over the course of the day 

compared to the German fleet. The Swedish fleets sees a dip of around 7% of its total expected smart 

battery size for its positive reserve and peaks every night at 90% while the negative reserve peaked at 

around 10% of the battery size and showed an intra-day variability of around 0.5%. Whereas in 

Germany the dip observed was lower at 5% for positive reserve and 0.4% for negative reserve of its 

expected battery size.  

In terms of percentile values, for the positive energy reserve in Germany it was 59% and in Sweden 

it was 57% with 90% being the upper limit for both countries. The probability distribution of values for 

the negative reserve resembled a Gaussian distribution and had a 99.7 percentile range between 6.3% 

and 11.1% for Germany. The corresponding percentile range for Sweden was between 6.1% and 14.9%. 

Both the average profile and the percentile range suggest that Sweden’s EV reserve are likely to be 

more volatile than Germany’s and subsequently less reliable from a TSO perspective to calculate 

balancing reserves that could be available.  
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Figure 29. A summary of the positive energy reserve (a) and negative energy reserve (b) available from EV as a 

fraction of its battery size.  

The next step was to compare the balancing power provided by the EV fleet with the balancing power 

required by the grid in order to estimate the Demand-Side Response (DSR) capacity of EVs as a post 

balancing option. This was done by checking the status of the smart EVs and assigning their charging 

capacity to either positive or negative capacity. The energy levels of the EV fleets were ignored as it 

was assumed the EVs had enough energy available in them to stop or start charging at all times. 

Negative capacity was assumed as load-ramping (G2V) capacity of the fleet and positive was assumed 

to be both load-shedding and generation (V2G) capacities of the fleet. Figure 30 shows the initial 

balancing required against the final balancing required for one of the simulation for Germany 2030.  
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Figure 30. A comparison of 10%, 5% and 1% EV Fleet’s balancing capacity with the simulated required 

capacity for Germany 2030. 

 
Figure 31. A comparison of 10%, 5% and 1% EV Fleet’s balancing capacity with the simulated required 

capacity for Sweden 2030. 

As a tertiary reserve, EVs showed inundating levels of balancing power at 10% of the fleet 

assumption. Table 6 shows how often the balancing power value was within the capacity of the EVs. 

Apart from the power requirement, another important part of tertiary reserve is the energy available in 

these reserves that determines for how long such a reserve can be used for balancing the grid for longer 

durations. Due to the assumption on charging and discharging constraints being the same for both 

countries, and the SOC of the fleet being consistent for most part of the week (as outlined earlier), the 

duration value of EV fleet as a reserve was very close for both countries. The average time for which 

the EV could act as a negative reserve was 12 minutes and as a positive reserve for 45 minutes. Since 

tertiary reserve are expected to be used for longer duration than an hour, this leaves EV with little ability 

to function as one. Figure 32 shows a summary of the expected duration (Energy reserve) of the EV 

fleet at its full balancing capacity.  

Table 6. The percentage of time the balancing power of the considered EV fleet exceeds the instantaneous 
balancing requirement. 

 Balancing Requirement within EV limits 

% of EV Fleet considered Germany Sweden 

10% 100 99.99 

5% 99.99 99.93 

1% 97.37 97.10 
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Figure 32. A summary of the expected duration of the balancing capacity of the two countries in 2030.  

4.3 Electric Vehicles 

The next important aspect to consider was the effect of the balancing operation on the Electric vehicles 

themselves and possibly on drivers. To begin, an analysis of cars based on the index of the car in the 

balancing operation was carried out since the balancing power comparison showed that it was likely 

that 1% of the EV population was enough to provide instantaneous counter-balances. The index of the 

car is defined as the order in which the balancing operation progresses through an array of cars. Figure 

34 shows the variation in how often a car is used in the G2V (load-ramping) and V2G (Generation) 

mode over a course of a week. The graph shows a marked skewness towards the index of the car. It 

signifies that the first few cars bear the major burden of balancing the grid and generally suffice to 

provide the instantaneous balancing capacity required. This also asserts that using more cars to model 

the balancing fleet would be able to reduce this skewness and allow to study individual car behaviour 

better. Another option would be to monitor the individual car’s contribution while balancing and 

prioritize those with the least participation.  

 
Figure 33.A comparison of how much individual car contribute to the overall balancing reserve. 
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Figure 34. An overview of how operation frequency varies with respect to Car Index (in the simulation) for 

Germany (a) and Sweden (b). 

In terms of percentage, the first car in the fleet bore approximately 33-35% of the balancing load in 

Germany and 40-42% in Sweden. The first 2 cars together accounted for more than 50% of the entire 

balancing energy provided in both countries. The car indexed 2 in the considered smart fleet had an 

individual contribution of 9% in Germany and 11% in Sweden which is close to the average contribution 

that would be expected of a well prioritized smart fleet (~10%). Hence, the car (index 2) will be 

considered for subsequent analysis as a more representative idea of the expected effects of the balancing 

operation on the cars themselves. Figure 33 shows the individual contribution of the cars as a percentage 

of the overall energy supplied in the operation as well as the cumulative contribution.  

To put this into perspective of individual car’s battery activity, over the course of a week the EVs 

tended to charge for approximately 1 cycle i.e. they were used to drive equivalent of 1 full-battery 

charge range. While being utilized as a balancing reserve, the first cars in the simulation (with a serial 

selection of cars) ended up with charging and discharging cycles of over 7 times on average each way 

as shown in Figure 35. This would be expected to pose serious risk to the lifecycle of the battery and a 

study into the battery degradation and its related cost should be considered important to understand the 

economics of such an operation from an individual EV owner’s perspective. Considering the 3rd car 

(index 2) to be the expected outcome of a more uniform selection approach for EVs would still result 

in almost 200% increase in charging cycles (3 full battery charges per week).  
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Figure 35. An overview of how balancing energy changes with respect to car index in Germany (a) and Sweden 

(b). 

In terms on battery degradation, an average EV without any balancing responsibility showed a depth of 

discharge of 10%, while with the balancing operation the depth of discharge (DoD) increased to 50% 

and remained at it for a significant percentage of time (see Figure 36). For a Li-ion battery, the 

dependency of life cycle can be represented by equation  

𝐿𝑛(𝐿) =  −0.795𝐿𝑛(𝐷𝑜𝐷) + 6.5425.   (Eq. 24) [37] 

This brings the expected life cycles of the battery (L) from approximately 4000 to 1000 cycles. The 

accelerated loss of expected battery life alongside the accelerated charging cycles frequency both lend 

to the degradation of battery. One way to mitigate this issue would be to increase the number of vehicles 

in the smart fleet while reducing the discharge constraint would help in slowing the degradation of the 

battery but it comes with its own set of issues (like increased infrastructure for smart charging). 

Nonetheless, battery degradation remains a significant cause of concern and needs to be further explored 

in order to fully determine the cost of balancing service to individual EV owners.  



35 

 

 
Figure 36. A comparison of the initial (blue) SOC and final (orange) SOC of an EV after it was used in a 

balancing operation (Germany, Oct 2030). 

The other important observation was that of the EV SOC at the end of individual simulations. Figure 

37 shows the propensity of the EV’s SOC to end at a particular value.  The generic car identified here 

is the 3rd car (index 2). It is apparent from the figure that in most case the EVs tended to be utilized to 

the limits of its balancing constraints. It is interesting to note that Sweden in most cases tended to end 

at the limits more as a negative reserve than a positive reserve while the opposite tended to be true in 

Germany. Since the 1st car was used to balance a large proportion of the balancing load, it was used to 

examine if the spill over from the 1st car didn’t skew the overall fleets SOC distribution. While the 1st 

car does show slight increase in the median ranges and fewer instances on the extreme SOC limits, it 

isn’t significantly different from what is observed from the entire fleet so as to justify any inference.  

 
Figure 37. Distribution of EVs based on their final SOC values post-balancing in Germany (a) and Sweden (b).  
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5. Concluding Discussion 

The major take away from this study is that while EVs showed significant ability to balance the grid as 

a secondary reserve, its dependence on the grid compromised its ability to do so consistently. The 

approximate success of the EVs in improving the stability of the grid is a promising avenue and could 

be further explored by filling in the gaps in this study. One approach would be to employ a more 

selective approach while selecting the EVs with the use of an intermediary to actively sort the priority 

of EVs and also maintain the overall reserve capacity of the fleet by acting balancing SOCs between 

vehicles and even charging as a simple load to keep its integrity. 

Another outtake from this study is the inundating levels of capacity exhibited by 10% smart EVs 

assumptions albeit in a disproportionate manner. It portrays that EV is capable of burdening most if not 

all the balancing service required by the TSO. This disproportionately high capacity with low service 

duration could be better managed by restraining (assuming) to a lower charging rate to improve increase 

the service duration.  

The most concerning observation from the study though remained the increased activity of the 

battery. The multiple fold increase in the energy flow through the battery is expected to significantly 

accelerate the degradation of the battery and a proper cost analysis of it needs to be carried out to fully 

appreciate the idea of whether EV can be used as a balancing services in an economic sense.  

A shortfall of this study as outlined earlier was the resolution of the simulated smart EV fleet. A finer 

resolution would allow for a better inference about the individual car’s impact on balancing as well as 

the impact of balancing on individual vehicles. 

In conclusion, while the Electric Vehicle fleet possesses interesting potential for grid balancing even 

at low penetration levels, a more detailed study to fill the knowledge gaps of the present one is required 

in order to draw a comprehensive conclusion about their future possibility.  
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