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Abstract

The electric vehicle (EV) �eet is expected to continue growing in
the near future. The increasing electri�cation of the transporta-
tion sector is a promising solution to the global dependency on
oil and is expected to drive investments in renewable and inter-
mittent energy sources.
In order to facilitate the integration, utilize the potential of a
growing EV �eet and to avoid unwanted e�ects on the electric
grid, smart charging strategies will be necessary.
The aspect of smart EV charging investigated in this work is the
pro�tability of bidirectional energy transfer, often referred to as
vehicle-to-grid (V2G), i.e. the possibility of using aggregated EV
batteries as storage for energy which can be injected back to the
grid.
A mixed integer linear problem (MILP) for minimizing energy
costs and battery ageing costs for EV owners is formulated. The
battery degradation due to charging and discharging is accounted
for in the model used. A realistic case study of overnight charging
of EVs in Sweden is constructed, and the results show that given
current energy prices and battery costs, V2G is not pro�table for
EV owners. Further, a hypothetical case for lower battery costs
is formulated to demonstrate the ability of our MILP model to
treat a number of charging scenarios.
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Sammandrag

Antalet elbilar väntas fortsätta öka de närmsta åren. Den till-
tagande elektri�eringen av transportsektorn är en lovande lös-
ning på det globala beroendet av olja och förväntas stimulera
investeringar i förnybara intermittenta energikällor.
För att främja denna utveckling, och för att till fullo utnyttja
potentialen hos en växande elbils�otta, samt för att undvika oön-
skade negativa e�ekter på elnätet kommer smarta strategier för
laddning behövas.
I detta arbete undersöks lönsamheten av den aspekt av smart
laddning som brukar benämnas vehicle-to-grid (V2G), det vill
säga möjligheten att använda aggregerade elbilsbatterier för att
lagra energi som sedan kan återföras till elnätet. Hänsyn tas till
att batteriet åldras för varje laddning och urladdning som sker.
Heltalsoptimering används för att formulera ett problem sommin-
imerar kostnaderna för energi samt för batteriets åldrande. Ett
realistiskt scenario där elbilarna ska laddas över natten i svenska
förhållanden konstrueras, och resultaten visar att V2G inte är
lönsamt för bilägarna givet dagens batteripriser och energipriser.
Vidare formuleras ett hypotetiskt fall med lägre batteripriser för
att visa att modellen är lösbar för olika scenarion.
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Chapter 1

Introduction

1.1 Background

The transition of the transportation sector from being mainly powered by fos-
sil fuels to an increasing electri�cation is a promising solution to many of the
environmental and economical problems caused by the current global depen-
dency on oil. In 2012 the transportation sector was responsible for 63,7 % of
the global oil consumption [1]. Electric vehicles (EVs) are expected to gain
increasing shares of the transportation sector in the near future, and new
challenges arise to facilitate this development [2]. An introduction of a fast
growing EV �eet will require not only technical development, but also reg-
ulatory and management systems in order to enable an e�ective integration
with the electric grid. However, if these issues are addressed on business,
management, as well as technical levels, there are various additional advan-
tages which can be gained by a growing transportation sector penetration of
EVs.

A big part of the vehicle �eet can be expected to be parked most of the
time. When plugged in during these idle periods, the batteries of EVs could
be made available to provide ancillary services, for instance frequency and
voltage regulation, for the electric grid [3]. Further, the possibility of vehicle-
to-grid (V2G), i.e. bidirectional energy transfer, enables the use of EVs as
storage for Distributed Energy Resources (DER), where the batteries of the
vehicle �eet can be viewed as a energy storage system. It is expected that
under the V2G context, an increasing amount of EVs will also accelerate
investments in renewable energy sources, such as wind and solar power [4],
due to the increased availability of storage of energy from these intermittent
sources. For instance, one of the expected e�ects of an increased and intel-
ligent integration of EVs into the power systems of Northern Europe is an
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increased investment in wind power [5].
To fully tap into the potential of a growing EV �eet, as well as to avoid

unwanted e�ects on the grid, it is clear that smart charging and discharging
strategies will be necessary. The various aspects of smart integration of EVs
into the electric grid include, but are not limited to, reducing load on the
distribution grid and minimizing costs for the vehicle owners [6].

It is anticipated that in order to implement e�ective smart charging
strategies for EV �eets, a new entity in the energy market will be required,
often referred to as aggregator [3], [6]. The aggregator can be seen as an
interface between the EVs and the grid, and would be responsible for man-
agement and coordination of the electric market participation of EVs in a
given area. Finding cost-e�ective charging schemes for the EVs in its region
is expected to be one of the roles of the aggregator, and V2G only makes
sense in an aggregated scenario, i.e. where a large number of EVs can provide
storage.

The issue of implementing smart charging strategies for EV �eets has at-
tracted a lot of attention, and a number of algorithms, models and solutions
have been proposed, many of which are surveyed in [6]. One approach which
can be applied is formulating a smart charging scenario as a mathematical
optimization problem. This makes it possible to �nd the most cost-e�ective
strategy, given speci�c objectives and constraints.

Before stating the purpose of this study, a few more remarks are needed.
Firstly, EVs are powered by electric batteries. These batteries age, and a
frequent charging and discharging accelerates their degradation process. Sec-
ondly, the perspective of the customer (vehicle owner) needs consideration.
When formulating a charging strategy, the preferences of the owner need to
be taken into account. It is safe to assume that the customer will want to
minimize the costs of driving their vehicle. This cost is of course the cost of
energy used, but also the cost of battery degradation. In particular, when
considering the V2G possibility, where the battery might be charged and
discharged frequently, it is necessary to consider the cost of the resulting
accelerated ageing. It is expected that the EV owner might require some
economic incentive to agree on participating in the V2G context if it results
in a accelerated ageing of the battery.

1.2 Purpose

The objective of this study is to formulate a mathematical programming
problem for �nding an optimal charging strategy for EVs, with possibility
for V2G and taking battery degradation into account. The assumption is
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made that an aggregator responsible for EV interactions with the grid is in
place, i.e that the aggregator can plan or control charging or discharging of
the vehicles, given some speci�c customer requirements. The objective of the
optimization is to minimize the cost of EV charging, where the charging cost
accounts for energy costs as well as estimated battery degradation costs due
to the chosen charging strategy.

In other words, we want to investigate the economic potential of storing
energy (V2G), when aggregated EV batteries are used as storage. As men-
tioned above, aggregated EV batteries appear feasible as storage for energy
from intermittent energy sources as well as for providing other supporting
services to the grid. By �nding a solution to a suitably formulated optimiza-
tion problem, we are able to assess the pro�tability of using EV batteries
as storage in the V2G context, while considering the cost of ageing of the
batteries. Thus, we hope to �nd and de�ne some milestones required for
V2G pro�tability.
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Chapter 2

Literature review

The problem of �nding smart charging strategies for EVs has attracted a
lot of attention, and there is a wide variety of approaches, many of which
are surveyed in [6]. Most of the methods and objectives presented there are
beyond the scope of this study, but provide an insight to the complexity of
integrating an EV �eet with the electric grid, and the various issues which
need to be considered.

There are a number of studies treating the problem with similar objectives
and methods as this study will attempt. This literature review is focused on
studies where optimization problems for cost-e�ective charging given time-
varying energy prices are formulated. Further, we focus on studies consider-
ing battery degradation, as well as studies evaluating the V2G opportunity
within this context. Below follows a summary of relevant �ndings. We have
chosen �ve studies and looked closer at how they approach the smart charg-
ing problem from an optimization modelling perspective, how the aspect of
battery degradation is treated, and how the authors treat the V2G option.

2.1 Optimization methods

The studies presented in [7], [8], [9], [10] and [11] formulate optimization
problems for �nding cost-e�ective charging strategies for EVs. However, the
studies focus on somewhat di�erent aspects of this problem. A summary of
the aspects considered in the literature is presented in Table 2.1 below.

In [7] a method for minimizing EV charging costs is formulated, consid-
ering battery degradation. The optimization problem proposed and solved is
a non-linear program (NLP), and results in an executable charging pro�le for
each EV. The resulting charge pro�les schedule charging during time intervals
when electricity prices are low, and simultaneously reduce ageing e�ects on
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Optimization Battery degradation V2G Aggregator

[7] NLP Yes Yes No
[8] LP, stochastic No No Yes
[9] LP, QP Yes Yes Yes
[10] MILP, stochastic Yes Yes No
[11] QP Yes Yes No

Table 2.1: Summary of aspects of smart charging considered in the reference
literature

the batteries. The authors verify that the resulting charging pro�les reduce
battery degradation by comparison of the obtained results to experimental
battery ageing data.

[8] treats optimization problems with the objective to maximize aggrega-
tor pro�t and for minimizing customer (EV owner) costs. For each of these
two objectives, deterministic linear programs (LP) are formulated, where EV
plug-in times are assumed to be known in advance. Also, dynamic (stochas-
tic) problems are formulated, where departure and arrival times of EVs are
unknown but assumed to follow a Gaussian distribution. Comparisons made
between the obtained result and a unregulated strategy show that the method
used can increase aggregator pro�t and reduce customer costs signi�cantly.

Optimal charging from an aggregators perspective in a market environ-
ment is studied [9], with the objective to minimize total operation costs.
Depending on the type of market participation taken by the aggregator, the
problem is formulated as a linear (LP) or quadratic (QP) minimization of
charging costs. Driving patterns of EVs are constructed by using survey data,
and energy price forecasts are made by a regression of historical data.

Optimal charging pro�les for EVs considering battery degradation and
price uncertainties are studied in [10]. At each time of the day, the energy
price predicted to be within an interval. From this formulation, a robust
mixed-integer linear problem (MILP) is obtained.

[11] compares smart charging strategies with an uncontrolled strategy,
in order to investigate how much energy costs can be reduced for the EV
owner. Driving data from the German market is used to create realistic
driving and energy consumption pro�les for di�erent demographic groups.
The optimization problem considered is a quadratic program (QP), with the
quadratic term arising from the model used for battery degradation cost.
Simulations are done for a time frame of a week, where electricity costs are
assumed to be known beforehand. Also, di�erent EV models are consid-
ered, with varying battery energy capacities. Authors conclude that smart
charging strategies are pro�table for all the cases considered in the study.
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2.2 Battery degradation

In [7] a comprehensive model for the degradation of lithium-ion batteries
is developed, formulating battery lifetime reduction from a certain charging
strategy as a cost. Capacity as well as power fade is considered, and the
e�ects of temperature, state of charge (SOC) of the EV and depth of discharge
over a cycle (DOD) are modelled. The proposed battery lifetime model is
validated by comparison to more extensive models as well as experimental
data.

[9] models battery wear cost as proportional to the amount of energy
discharged. It is a simple method, but with a suitably chosen proportionality
constant it still allows for an approximation of the battery degradation cost.

The battery degradation models considered in [10] are based on two types
of battery chemistries. It is assumed that battery lifetimes are either sensitive
or insensitive to the DOD of the charging cycle, and the two di�erent cases
are modelled. In the case where DOD is assumed to hold no signi�cance,
the result is a linear cost function. For the DOD sensitive battery type, a
piecewise linear approximation is formulated from experimental battery data.

A quadratic function for the battery degradation is proposed in [11], with
a linear term proportional to the energy throughput, and a quadratic term
re�ecting degradation from the charging or discharging power.

2.3 Vehicle to grid

The problem formulated in [7] accounts for the V2G option. However, the
resulting charging pro�les show that energy transfer from vehicle to the grid
only occurs to a very small extent. The authors conclude that for the V2G
option to be advantageous, the energy prices would have to vary a lot over
the time period considered.

V2G potential is also evaluated in [9], and the obtained results show that
very little discharging occurs. Concluding that under the context of this
study the V2G option is not pro�table, authors suggest that a large price
di�erentiation over the time period, or other economic incentives, would be
required. One explanation provided is that the cost of battery degradation
resulting from discharging is high enough to make V2G unpro�table.

[10] �nd that V2G scheduling is sensitive to price uncertainties as well
as battery degradation. Both battery degradation models considered in the
study result in a charging pro�le where no V2G transactions are made. How-
ever, it is also noted that as battery costs decrease, V2G becomes pro�table.

The potential of V2G arbitrage is considered in [11] as well. Results of
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their study show that a smart charging with V2G approach is less costly com-
pared to an uncontrolled strategy, but more expensive than smart charging
without V2G, due to the extra battery degradation cost. Authors conclude
that for the V2G option to be pro�table, battery degradation costs would
have to be lower, or other incentives provided for vehicle owners to participate
in V2G arbitrage.

2.4 Conclusions and discussion

Having provided a summary of the methods and results of the literature stud-
ied, we move on to a short discussion and some main conclusions regarding
the �ndings.

First, we note that from an optimization perspective, a number of di�er-
ent problem types arise depending on which simpli�cations are made, what
model is used for battery degradation and whether any uncertainties are con-
sidered. However, regardless of optimization approach used for the treatment
of the smart charging problem, there is plenty of support for the hypothe-
sis that saving customer energy costs by smart charging is feasible. All the
papers considered present results which show that smart charging strategies
can reduce EV energy costs.

Degradation of EV batteries is modelled or approximated in di�erent
ways in the papers studied, which highlights the di�culty of formulating a
battery model which is generally applicable. Two possible approaches ap-
pear in the literature studied. On one hand, one can use a simple model
or an approximation of the degradation cost, making the optimization less
computationally heavy. This approach is well justi�ed when the purpose is
to assess the cost of battery degradation, or to compare it to the cost of en-
ergy. Also, if the main characteristics of battery degradation are accounted
for in a simple model, this approach makes it possible to draw some general
conclusions. The other possibility is to use more detailed models which take
many parameters into account and provide a more accurate understanding
of the ageing process. This second approach is perhaps more suitable when
trying to �nd an optimal charging strategy for EVs. However, these more
detailed models also result in more complicated optimization problems.

We conclude that the �rst approach, to formulate a simple battery degra-
dation model which re�ects some of the main ageing properties, is com-
putationally better applicable when trying to assess the V2G potential of
aggregated EVs. In particular, if some main battery ageing characteristics
are accounted for, useful conclusions can be obtained.

An important result from the studies which consider V2G potential and
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battery degradation costs, is that the battery ageing is too expensive for
V2G arbitrage to be performed to any larger extent. However, these results
also indicate that there are a few potential scenarios where V2G could be
pro�table for the EV owners or for an aggregator. For instance, pro�table
V2G could be achieved by providing some additional economic incentive to
compensate EV users for battery degradation, if battery prices were lower or
in a market where energy prices would vary more over time. We conclude
that further research of the V2G potential could be focused on assessing re-
quirements for pro�tability. For instance, we note that the main conclusion
regarding battery degradation of the studies discussed is that it is too ex-
pensive for V2G to be pro�table. However, almost no attention is given to
assess how much cheaper the battery degradation would have to be to make
V2G a viable option.
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Chapter 3

Model and method

As we have established, the purpose of this study is to evaluate the economic
potential of using aggregated EV batteries as energy storage. Our approach
is to formulate a suitable optimization problem for minimizing charging costs
of aggregated EVs, over some time period. We want to consider energy cost
and battery degradation cost, and hence our objective can, in very general
terms be summarized

min (Cenergy + Cbattery) .

In particular, the objective is to minimize energy costs, enable charging and
discharging of the battery, and minimize the battery degradation. By for-
mulating and solving such a problem, we hope to assess the costs of battery
degradation, study the optimal charging strategies, and thus �nd some valu-
able conclusions regarding the potential of storing energy in EV batteries.

This chapter will be structured as follows. First, we introduce the bat-
tery degradation model that will be used for this study. Next, we present the
structure of the optimization problem, starting with objective function. This
is followed by a complete description of all the constraints, leading up to the
formulation of the complete mixed integer linear optimization problem. We
also provide a related simpli�cation in the form of a linear program of our
complete formulation, and motivate why it is relevant. Finally, we brie�y
describe our method for implementation and for solving the problem.

The modelling done in this chapter requires the use of a large number
of variables and parameters, and in order to facilitate the understanding the
reader can refer to Appendix A, where we have summarized all notation used.
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3.1 Battery degradation model

The battery degradation model used in this project is presented in [12]. Any
detailed analysis of the experimental procedure and model design conducted
in that work is beyond the scope of this study and report. However, we
provide a short description and introduce necessary concepts. Finally, we
describe how it can be used to quantify battery degradation costs in the con-
text of an optimization problem.

The model in [12] is developed from experimental data. A number of
tests are conducted to categorize the main properties of lithium-ion battery
ageing. From the experimentally obtained data, two parameters are iden-
ti�ed to have main in�uence on the degradation of the battery cell. This
categorization is done using a machine learning algorithm, self-organizing
maps. The parameters identi�ed to have the largest in�uence on battery
ageing are depth of discharge (DOD) and temperature. Battery degradation
as a function of the identi�ed variables is formulated, where degradation is
de�ned as the fraction of the battery energy capacity which has been lost due
to a given charging cycle, at a given temperature. The degradation surface
found can be seen in Figure 3.1. Once the battery has aged so that only 0.8
of the initial energy capacity remains, it is considered to have reached its
end-of-life.

A cycle is de�ned as the process of taking a battery from a certain state
of charge (SOC), call it Sstart for this purpose, to a �nal level, Send and back
to the initial level Sstart. The DOD during a cycle is de�ned as |Sstart−Send

Q
|,

where Q is the battery energy capacity.
Finally, piecewise linear approximations of the degradation surface are

�tted for �xed temperatures and varying DOD. Hence, for a �xed temper-
ature T and given DOD D for a battery charging cycle, the approximate
corresponding battery degradation can be quanti�ed.

So mathematically, the cost of the degradation due to a charging or dis-
charging cycle is proportional to the piecewise linear degradation function
l(D,T ).

Cbattery ∝ l(D,T ) (3.1)

Where the proportionality constant is the price of the battery, Pbattery.

Cbattery = Pbatteryl(D,T ) (3.2)
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Figure 3.1: The battery degradation surface obtained in [12].

3.2 Objective function

Having presented the battery degradation model, we can formulate the ob-
jective function. Let the decision variables cj,k and dj,k denote the charging
and discharging power in kW of vehicle j during time period k, respectively.
Further, let the energy price in SEK/kWh during time slot k be pk, and the
discharging e�ciency ηd (where we assume it to be the same for all vehicles).
Note that over a particular time period k, the charging or discharging power
is constant.

Further, the duration of each time period k is set to be one hour, since
energy pricing data is available on an hourly basis and with the consideration
that smaller time steps multiplies the decision variables and thus makes the
problem computationally heavier. Now, we can write our objective function.

min
∑
j,k

(
pk(cj,k − ηddj,k) + Cbattery

j,k

)
(3.3)
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Or, using the notation we introduced in the previous section, for Cbattery
j,k .

min
∑
j,k

(
pk(cj,k − ηddj,k) + Pbatteryl(Dj,k, T )

)
(3.4)

Here, the cost of battery degradation for vehicle j after time period k is cal-
culated only if a cycle has ended after that period. Hence, the DOD Dj,k is
de�ned as the di�erence between the SOC after time period k, Sj,k, and the
SOC when the cycle started.

This objective function is piecewise linear due to the use of the bat-
tery degradation functions l(Dj,k, T ), which requires that we use integer pro-
gramming methods when formulating this part of the problem. The chosen
method is described in Appendix B. Note that the temperature T can be seen
as a parameter in the problem, i.e. for a chosen T we obtain one piecewise
linear function.

3.3 Constraints

3.3.1 Charging, discharging and state of charge update

The charging and discharging will be subject to a number of constraints.
These are listed and explained below.

• Charging power cj,k is constrained to be within some limits. The charg-
ing variables are de�ned as positive, and we make the assumption that
they can take continuous values up to a speci�ed level.

0 ≤ cj,k ≤ cmax
j ∀j, k (3.5)

• The analogue holds for discharging power dj,k.

0 ≤ dj,k ≤ dmax
j ∀j, k (3.6)

• We note that charging and discharging is not allowed to occur during
the same time period, and that in order to enforce this actively we
would need to use some integer programming formulation using binary
variables. However, we see that due to the formulation of the problem,
where buying and selling prices in a time period k are equal, and en-
ergy losses due to charging and discharging e�ciency occur, a situation
where charging and discharging happens simultaneously will never be
optimal.
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• After each time step the SOC of each EV needs to be updated. Let
Sj,k denote the SOC of vehicle j after time period k. Now, the SOC
update can be written as follows, where ηc is the charging e�ciency.

Sj,1 = Sstart
j + ηccj,1 − dj,1 ∀j (3.7)

Sj,k = Sj,k−1 + ηccj,k − dj,k ∀j, k > 1 (3.8)

Note that Sstart
j is a parameter to the problem, namely the SOC at

plug-in time.

• The SOC of each vehicle has to be within allowed limits, for all times
k. We will never allow the battery to be fully discharged, and the
maximum possible SOC is restricted by the battery energy capacity.
Obviously, SOC is a positive quantity, and hence Sj,k is a positive
variable.

0 < Smin
j ≤ Sj,k ≤ Smax

j ≤ Qj ∀j, k (3.9)

• It is reasonable to assume that the EV owner will want the battery
SOC to be above some speci�ed level at the end of the plug-in period.

Sj,n ≥ Send
j ∀j (3.10)

We �nish this section by pointing out that all constraints described above
are linear, and all variables introduced so far are continuous and positive.

3.3.2 Depth of discharge and battery degradation

Having introduced the fundamentals, now begins the slightly trickier and
interesting modelling in this problem. As mentioned previously, the use of a
piecewise linear function in the objective function requires some tricks from
integer programming. Furthermore, in order to calculate the DOD Dj,k for a
cycle ending after time period k, it is necessary to use binary variables. The
main source for the modelling done here is [13]. The mathematical construc-
tion of the necessary conditional constraints is described in Appendix C.

Recall our de�nition of a charging cycle, i.e. taking a battery from a
starting SOC, Sstart, to a �nal level, Send, and back to the initial level Sstart.
Then the DOD during a cycle is |Sstart−Send

Q
|, where Q is the battery energy

capacity. Now, for the sake of making the calculation of DOD possible, we
make the argument that a good enough approximation of associated battery
degradation over time if only charging is accounted for. The argument is
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that any time when there is a period of battery charging required, there has
already occurred a corresponding discharge. We cannot know that the dis-
charge was exactly equal in amount to the charging, but over time (many
battery cycles, i.e. regular use of EV) this provides a good enough approxi-
mation. So, we only look at the periods when the battery is charging. Figure
3.2 below shows a charging cycle.

Figure 3.2: A graphical representation of a charging cycle of m time periods.

In order to calculate the DOD during a cycle, we introduce binary vari-
ables as follows. If we are charging vehicle j during time period k, the binary
variable Sup

j,k is set to equal one, indicating that the SOC is increasing during
that period.

cj,k > 0⇐⇒ Sup
j,k = 1 ∀j, k (3.11)

If the battery is discharging the binary variable Sdown
j,k is set to equal one, and

equal to zero otherwise. And �nally, Sunstable
j,k is one if we are either charging

or discharging, and zero else.

dj,k > 0⇐⇒ Sdown
j,k = 1 ∀j, k (3.12)

cj,k + dj,k > 0⇐⇒ Sunstable
j,k = 1 ∀j, k (3.13)

Now, introduce Sstable
j,k , which equals one if we are neither charging nor dis-

charging.

Sunstable
j,k + Sstable

j,k = 1 ∀j, k (3.14)
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Finally, we say

Sup
j,k + Sdown

j,k + Sstable
j,k = 1 ∀j, k (3.15)

Further, we introduce additional binary variables to indicate when charging
starts and stops, cstartj,k and cendj,k . Now, employ a trick to ensure that cstartj,k = 1

when a cycle starts, and cendj,k = 1 when the cycle ends.

Sup
j,k − S

up
j,k+1 + cstartj,k − cendj,k = 0 ∀j, k > 1 (3.16)

Note that this constraint holds for time periods k > 1. To manage a cycle
start at k = 1 an special case is necessary.

cstartj,1 = Sup
j,1 ∀j (3.17)∑

k

cstartj,k =
∑
k

cendj,k ∀j (3.18)

Now, we introduce the continuous positive variables Scyclestart
j,k and Scycleend

j,k .

Scyclestart
j,k takes the value Sj,k when a cycle starts, and retains this value

throughout the cycle. Note that special cases are required for handling a
cycle start at k = 1. This is due to the fact that Sj,k is de�ned as the SOC
after a time period.

cstartj,1 = 1 =⇒ Scyclestart
j,1 = Sstart

j ∀j (3.19)

cstartj,k = 1 =⇒ Scyclestart
j,k = Sj,k ∀j, k > 1 (3.20)

Sup
j,1 = 1 =⇒ Scyclestart

j,1 = Sstart ∀j (3.21)

Sup
j,k = 1 =⇒ Scyclestart

j,k = Scyclestart
j,k−1 ∀j, k > 1 (3.22)

Scycleend
j,k is set to the value of Sj,k at the end of the charging cycle.

cendj,k = 1 =⇒ Scycleend
j,k = Sj,k ∀j, k (3.23)

The DOD for a cycle ending at time period k for vehicle j can now be
obtained.

cendj,k = 1 =⇒ DODj,k = Scycleend
j,k − Scyclestart

j,k ∀j, k (3.24)

And �nally, the DOD as a fraction of total battery energy capacity is ob-
tained.

Dj,k =
DODj,k

Qj

∀j, k (3.25)
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3.4 The complete mixed integer linear optimiza-

tion problem

We are now ready to write down our optimization problem, i.e. the com-
plete formulation in the form it has been implemented. In order to make
the formulation accessible to the reader, �rst, all the variables and objective
function are presented. Then, due to the structure of the problem, the con-
straints are introduced in three blocks.

We begin by stating the variables in the problem.


cj,k, dj,k, Sj,k, S

cyclestart
j,k , Scycleend

j,k , DODj,k, Dj,k, D
cost
j,k ≥ 0

Supj,k, S
down
j,k , Sunstablej,k , Sstablej,k , cstartj,k , cendj,k ∈ {0, 1}

λj,k,s ∈ SOS2

(3.26)

Then, the objective function.

min
∑
j,k

(
pk(cj,k − ηddj,k) + P battery

j Dcost
j,k

)
(3.27)

The �rst block are the constraints for charging, discharging and update of
the SOC described in Section 3.3.1, i.e. the following constraints.



cj,k ≤ cmax
j ∀j, k

dj,k ≤ dmax
j ∀j, k

Sj,k ≥ Smin
j ∀j, k

Sj,k ≤ Smax
j ∀j, k

Sj,1 = Sstart
j + ηccj,1 − dj,1 ∀j

Sj,k = Sj,k−1 + ηccj,k − dj,k ∀j, k > 1

Sj,n ≥ Send
j ∀j

(3.28)

The second block consists of the constraints for calculating DOD for a charg-
ing cycle, as described in Section 3.3.2. How the conditional constraints are
formed is described in Appendix C. Note here that the constants Mj and ε
are numerical values chosen for this particular problem, and again we refer
to the aforementioned appendix for a more in depth discussion.
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cj,k − cmax
j Supj,k ≤ 0 ∀j, k

cj,k − εSupj,k ≥ 0 ∀j, k
dj,k − dmax

j Sdown
j,k ≤ 0 ∀j, k

dj,k − εSdown
j,k ≥ 0 ∀j, k

cj,k + dj,k − dmax
j Sunstablej,k ≤ 0 ∀j, k

cj,k + dj,k − εSunstablej,k ≥ 0 ∀j, k
Sunstablej,k + Sstablej,k = 1 ∀j, k
Supj,k + Sdown

j,k + Sstablej,k = 1 ∀j, k
Supj,k − Supj,k+1 + cstartj,k − cendj,k = 0 ∀j, k > 1

cstartj,1 = Supj,1 ∀j∑
k c

start
j,k =

∑
k c

end
j,k ∀j

Scyclestart
j,1 − Sstart

j ≤ (1− cstartj,1 )Mj ∀j
Scyclestart
j,1 − Sstart

j ≥ (1− cstartj,1 )(−Mj) ∀j
Scyclestart
j,k − Sj,k ≤ (1− cstartj,k )Mj ∀j, k > 1

Scyclestart
j,k − Sj,k ≥ (1− cstartj,k )(−Mj) ∀j, k > 1

Scyclestart
j,1 − Sstart

j ≤ (1− Sup1,k)Mj ∀j
Scyclestart
j,1 − Sstart

j ≥ (1− Supj,1)(−Mj) ∀j
Scyclestart
j,k − Scyclestart

j,k−1 ≤ (1− Supj,k)Mj ∀j, k > 1

Scyclestart
j,k − Scyclestart

j,k−1 ≥ (1− Supj,k)(−Mj) ∀j, k > 1

Scycleend
j,k − Sj,k ≤ (1− cend1,k )Mj ∀j, k
Scycleend
j,k − Sj,k ≥ (1− cend1,k )(−Mj) ∀j, k
DODj,k − (Scycleend

j,k − Scyclestart
j,k−1 ) ≤ (1− cendj,k )Mj ∀j, k

DODj,k − (Scycleend
j,k − Scyclestart

j,k ) ≥ (1− cendj,k )(−Mj) ∀j, k
Dj,k =

DODj,k

Qj
∀j, k

(3.29)

Finally, the third block formulates the constraints for the piecewise linear
battery degradation function. The method, using Special Ordered Sets of
type 2, is described in Appendix B.


Dj,k =

∑
s λj,k,sxs ∀j, k

Dcost
j,k =

∑
s λj,k,sys ∀j, k∑

s λj,k,s = 1 ∀j, k
(3.30)
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3.5 A related linear optimization problem

The complete problem described in the previous sections can be computation-
ally heavy due to the integer programming methods used for the calculation
of DOD and the piecewise linear degradation function. In the worst case, the
solver used is not able to �nd an optimal solution in a reasonable time. In
these cases it can be useful to have a simpler approximative problem which
can be solved quickly, for reference. A good approximation in this case is
to choose a linear battery degradation function, where the cost of battery
degradation is proportional to the charging. This linear battery cost can
then be written as follows, where σ is the proportionality constant.

cbatteryj,k = P battery
j σηc

cj,k
Qj

(3.31)

The di�culties of calculating the DOD over each of the charging cycles are
then removed. In fact, the approximative problem becomes the following
linear program.

min
∑
j,k

(
pk(cj,k − ηddj,k) + P battery

j σηc
cj,k
Qj

)
s.t. cj,k ≤ cmax

j ∀j, k
dj,k ≤ dmax

j ∀j, k
Sj,k ≥ Smin

j ∀j, k
Sj,k ≤ Smax

j ∀j, k
Sj,1 = Sstart

j + ηccj,1 − dj,1 ∀j
Sj,k = Sj,k−1 + ηccj,k − dj,k ∀j, k > 1

Sj,n ≥ Send
j ∀j

cj,k, dj,k, Sj,k ≥ 0

Note that the set of constraints is precisely the same as the �rst block for the
complete problem, i.e. the constraints in Equation (3.28). Some comments
are necessary here. The optimal solution to this problem will be di�erent
compared to the complete problem, since DOD for charging cycles is not an
objective here. This approach needs instead to be viewed as a means to �nd
for instance a lower and upper bound for the optimal value of the complete
problem.
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3.6 Method

3.6.1 Case study

In order to address our main question, i.e. to assess the pro�tability and po-
tential for an aggregator to participate in V2G, we have formulated two case
studies. The optimization problem is solved for di�erent problem parameters,
energy prices and battery prices.

3.6.2 Implementation

The optimization problem is implemented in General Algebraic Modeling
System (GAMS). The solver used for solving the optimization problem is
IBM ILOG CPLEX.
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Chapter 4

Results

After initial testing of our implementation with various parameters, it was
interesting to formulate a case study which represents a likely every day
scenario of EV charging in Sweden. We have formulated a case study which
is easy to understand, gives relevant results and addresses the main question
of the work. Further, we formulate a second case with the main purpose to
further test our model. We present the cases and the results below.

4.1 Case study A

4.1.1 Case A description and parameters

We treat the scenario of EV charging overnight in a residential area. The
EVs are assumed to be plugged in between 19.00 in the evening and 07.00
the following morning, and for a �eet consisting of three EVs, i.e. k = 12 and
j = 3 according to the introduced notation. In this case we assume winter
time conditions, and hence the piecewise linear battery degradation functions
used are for temperatures T = 1, 3, 5 and 7 oC. Plots of the piecewise linear
functions are shown in Figure 4.1, and are taken directly from the work shown
in [12]. Recall that the functions show battery degradation as a fraction of
the capacity lost relative to the end-of-life, as a function of the DOD in a
cycle.

Energy prices are taken as average hourly prices between the hours 19.00
and 07.00 for six nights during the winter season in Sweden. Historic energy
pricing data for the Nordic market is obtained from [14]. The prices are Nord
Pool power market spot energy prices. The prices used are from the nights
9-10th and 24-25th December 2014, 9-10th and 24-25th January 2015, 9-
10th and 24-25th February 2015. We also test to solve the case for customer
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prices. To obtain typical customer prices, taxes and other �xed costs are
added. The customer prices can be taken as three times the market hourly
prices, which is a good approximation for customer prices in Sweden [15].
The energy prices are shown in Figure 4.2. We can see that the prices do not
vary much over the night, but that there is a period of lower prices between
01.00 and 05.00 during the night.

The parameters chosen for the case are taken from available data on
current EV models and electric vehicle charging. We list our assumptions:

• Battery energy capacities Qj are chosen to be representative for EVs
on the market today, and each of the three EVs in this case can be seen
as to represent an average vehicle type.

• The batteries are plugged in with a low starting SOC, Sstart
j , and with

the requirement to be charged to about 75-85 % after the plug-in period,
i.e. a high Send

j . However, they are plugged in long enough to still leave
room for possible extra charging and discharging, if that would prove
pro�table.

• Charging and discharging is assumed to be so called slow charging
which is reasonable for a scenario of charging at home overnight [6].

• The charging and discharging e�ciencies, ηc and ηd are set to 0.9.
Note that this is an optimistic assumption regarding charging e�ciency,
typical values are reported to be in the range 0.75− 0.9.

• Battery prices are set to 3000 SEK/kWh (about 350 $/kWh). Here
it is important to note that exact numbers on current battery prices
are di�cult to �nd, with manufacturers and sources providing di�erent
values in the range 250− 500 $/kWh. However, the summary provided
in [16] has been used as a guideline to estimate a reasonable average
price.

• The maximum allowed SOC for each vehicle, Smax
j is set to 0.9 Qj, i.e

we do not allow a fully charged battery. Also, he minimum allowed SOC
for each vehicle, Smin

j is set to 0.1 Qj, i.e we do not allow a completely
empty battery. It is common practice not to allow fully charged or
discharged batteries, since it has negative e�ects on battery life.

All the parameters used for this case are presented in Table 4.1.
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Figure 4.1: The piecewise linear battery degradation functions from [12] used
in case study. Battery degradation is the fractional capacity lost relative to
the battery end-of-life.
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Figure 4.2: Aggregator market prices and approximate customer prices.
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Parameter j = 1 j = 2 j = 3
Qj [kWh] 20 35 40
Sstart
j [kWh] 5

Send
j [kWh] 15 30 35

cmax
j , dmax

j [kW] 3.7

ηd, ηc 0.9

P battery
j [SEK] 60000 105000 120000

Smin
j [kWh] 2 3.5 4

Smax
j [kWh] 18 31.5 36

Table 4.1: Parameter values used in the case study.

4.1.2 Case A results

The case described above results in a few versions of the optimization prob-
lem. We see that the segments of the piecewise linear functions shown in
Figure 4.1 for T = 1, 3, 5 and 7 oC di�er slightly, and it can be expected that
the optimal charging strategy will be di�erent depending on which function
is used to assess the battery degradation cost.

Before elaborating further on the results, we note that optimal solutions
to all of the versions of the case are found and proven optimal, within 5-20
seconds by the solver used. Hence, the linear approximation described in
Section 3.5 is not necessary to use for any of the results presented for this
case.

For each of the battery degradation functions, we have solved the cor-
responding optimization problem with aggregator energy prices and with
customer energy prices. The resulting charging pro�les for the three EVs are
shown in Figure 4.3. We see that the charging pro�les are exactly the same
for both prices used, which indicates that the main cost to minimize is the
battery degradation cost, and the higher customer prices do not change the
optimal charging strategy.

The �rst, most important, and very obvious result which can be seen in
the Figures 4.3 is that no discharging occurs. We do not see any discharging
for any of the three EVs for any of the piecewise linear battery degradation
functions. Since the solutions found are optimal, this shows that the addi-
tional battery degradation resulting from discharging would be too expensive
compared to the revenue from discharging, i.e. that the cost of battery degra-
dation per kilowatt hour charged is more expensive than the cost of energy
per kilowatt hour. From the literature review carried out in Chapter 2, we
know that this result is expected. However, we see that the prices we use
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do not show very much variation. It then becomes interesting to ask the
question: if the prices would vary more over the time period studied, would
discharging be pro�table? Exactly how much more costly is the battery
degradation?

These questions can be answered by comparing the cost of battery degra-
dation to the cost of energy. In Table 4.2 we compare the average en-
ergy and battery costs per kilowatt hour obtained by solving the optimiza-
tion problems. In our case, we charge the three vehicles in total with∑

j(S
end
j − Sstart

j ) = 65 kWh. Thus, we divide the total energy cost and
total battery cost of the optimal solution found, by the number of kilowatt
hours to obtain an average price for all three EVs. A quick look at the values
in the table gives the answer to our questions. It becomes very clear that the
cost of energy in our case is an almost negligible part of the total charging
cost. Note further that these are the prices obtained by an optimal charging
strategy. If the charging would instead be uncontrolled, for instance allow-
ing the EVs to charge up to required SOC in one battery cycle, the battery
degradation costs would be even higher compared to the energy costs.

Aggregator energy Customer energy Battery cost
cost [SEK/kWh] cost [SEK/kWh] [SEK/kWh]

T = 1 oC 0.237 0.711 7
T = 3 oC 0.237 0.711 6.93
T = 5 oC 0.240 0.720 9.81
T = 7 oC 0.240 0.720 6.89

Table 4.2: Average energy and battery prices per kilowatt hour for the dif-
ferent versions of the case studied. The values are obtained by dividing the
total cost of energy and the total cost of battery degradation for all three
vehicles by the total amount of energy they charge over the plug-in period.

Also, given these numbers, we can evaluate approximately how many
times the batteries could be charged according to this strategy before reach-
ing their end-of-life, i.e. before reaching 80 % of their initial battery capacity.
This charging strategy would allow 450 to 650 charging periods before the
battery is considered having reached its end of life.

We expected the battery degradation to be expensive, but this result
means that for the option of discharging the battery to be realistic, the bat-
tery cost associated with charging would have to be approximately ten to
�fteen times lower to be comparable to the customer cost of energy, when
also considering the losses related to charging and discharging.

Finally, even though that is not our main focus for this study, we make a
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Figure 4.3: Charging pro�les of the three vehicles for piecewise linear func-
tions for temperatures T = 1, 3, 5 and 7 oC, for aggregator prices as well as
customer prices.
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few remarks regarding the charging pro�les in Figure 4.3. We already noted
and explained why no discharging occurs. Finally, as expected, the charging
is done in cycles with low DOD, with periods of no charging in between.
This behaviour is expected, since short charging cycles are cheapest with the
piecewise linear cost functions used. There is also an interesting di�erence
between the pro�les at T= 1, 3 oC and T= 5, 7 oC. Cycles are longer for the
two lower temperatures, and really short cycles are seen for the two higher
temperatures. It is clear that in both cases, the cycles are short enough for
only the two �rst line segments of the piecewise linear functions to be active.
However, for the two higher temperatures the cycles are kept extra short to
keep the cycle length in the �rst line segment, where the battery degradation
is signi�cantly cheaper.

4.2 Case study B

4.2.1 Case B description and parameters

We have established that the battery degradation cost is too high for any
discharging to occur from the EVs in Case study A. Our main objective
now is to investigate if the model can account for discharging as well, i.e.
can we get optimal charging schemes and can the problem be solved within
reasonable time for instances when discharging is pro�table? Hence, we
construct another case. The EVs are again assumed to be plugged in between
19.00 in the evening and 07.00 the following morning, and the �eet consists
of three EVs, i.e. k = 12 and j = 3 according to the introduced notation.
In this case we use the piecewise linear function for T = 3 oC (which can be
seen in Figure 4.1).

We keep our general setting from Case A, with most of the parameters
remaining the same. The parameters changed in this problem are plug-in
SOC, Sstart

j , and desired SOC and the end of the plug-in period, Send
j . All

parameters in this case are shown in Table 4.3. The energy prices used here
are hypothetical prices, which on average are close to the prices in Case study
A, but where we have introduced a much larger variation. The prices can be
seen in Figure 4.4.

As mentioned, the purpose is to investigate at what battery cost would
be low enough for any discharging to occur, and if we are able to use our
model for these cases. We introduce a parameter i, in order to assess when
any discharging starts to occur, i.e. we solve the problem with battery price
iP battery

j . Our initial guess is that some discharging might start occur for

i ≈ 1
10
, given the results in Case study A.
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Parameter j = 1 j = 2 j = 3
Qj [kWh] 20 35 40
Sstart
j [kWh] 10 10 15

Send
j [kWh] 15 20 25

cmax
j , dmax

j [kW] 3.7

ηd, ηc 0.9

P battery
j [SEK] 60000i 105000i 120000i

Smin
j [kWh] 2 3.5 4

Smax
j [kWh] 18 31.5 36

Table 4.3: Parameter values used in the case study. i is the fraction of initial
battery prices used in Case B.
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Figure 4.4: The prices used in Case study B. The prices are on average close
to the prices in Case A, but the prices vary much more over the plug-in
period.
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4.2.2 Case B results

We solve the problem for i = 1, 1
2
, 1
4
, 1
8
, 1
12
, 1
14
, 1
16
, 1
20
. The corresponding charg-

ing pro�les are shown in Figures 4.5 and 4.6. We �nd that discharging starts
to occur somewhere between i = 1

12
and i = 1

14
. The optimal strategy is to

charge in the time periods with lowest energy prices and discharge during
periods with high prices, as expected.

The optimal solutions to all of the versions of the case are found and
proven optimal within 5-20 seconds by the solver used. Hence, the linear
approximation described in Section 3.5 is not necessary to use for any of the
results presented for this case. This also shows that we are able to use the
model for cases when discharging is optimal.

In Table 4.4 we compare energy costs and battery degradation costs for
the di�erent parameters i in this case. The total cost of energy and total cost
of battery degradation is divided by the total amount of energy we require
the vehicles to charge over the period, i.e.

∑
j(S

end
j − Sstart)j, which for this

case is 25 kWh. Note that for the cases where discharging occurs, we actually
charge the vehicle more, because for every discharging that occurs, there is
additional charging required to reach the desired SOC Send

j . Further, there is
of course additional battery degradation resulting from additional charging.
However, it is relevant to present the costs in the described manner, since
we can get an overview of the average costs over the plug-in period. We can
see that average energy costs for i = 1

14
, 1
16

and 1
20

are lower since the EVs
are discharging for those cases, i.e. pro�ting from discharging when energy
prices are higher.

Energy cost [SEK/kWh] Battery cost [SEK/kWh]
i = 1 0.5 8.11
i = 1

2
0.5 4.05

i = 1
4

0.5 2.03
i = 1

8
0.5 1.01

i = 1
12

0.5 0.68
i = 1

14
0.44 0.63

i = 1
16

0.37 0.62
i = 1

20
0.37 0.5

Table 4.4: Average energy and battery prices per kilowatt hour for di�erent i.
The values are obtained by dividing the total cost of energy and the total cost
of battery degradation for all three vehicles by the total amount of energy
they are required to charge over the plug-in period.
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Figure 4.5: Charging pro�les of the three vehicles for piecewise linear func-
tions for temperatures T = 3 oC, for i = 1, 1
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Chapter 5

Discussion

The �nal chapter of this report is dedicated to a discussion and analysis of
crucial aspects of the problem. First, some comments regarding the opti-
mization model are made. Then, the choice of battery degradation model is
justi�ed and the results obtained are further evaluated and put in the context
of other work on the topic, and �nally our main conclusions are provided.

5.1 The optimization model

The model can be solved quickly for a number of cases and parameters tested,
and in the cases where solution time is long the related linear problem can be
solved to provide a reference for the optimal value of the complete problem.

One important aspect to mention relates to the structure of the problem
treated. Recall that the model is formulated so that optimal charging of
multiple vehicles j is done simultaneously. However, there is no connection
between the charging of the vehicles, i.e. the problem could as well be solved
for each vehicle separately, minimizing charging cost and battery degradation
cost for each vehicle "sub problem", and the exact same optimal solution
would be obtained.

We have tested a few cases where we connect the charging of the vehicles.
One such realistic scenario is to impose a requirement that a total amount of
discharging occurs over a plug-in period, which can be formulated by adding
a constraint. A di�erent requirement could be to limit the total charging
during a time period for all the vehicles, not just for each separately. For
instance, if we wanted to enforce that 10 % of the available battery capacity
of the vehicles should be discharged over the total plug-in period, this could
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be captured in a simple constraint.∑
j,k

dj,k ≥ 0.1
∑
j

Qj (5.1)

We have not been able to �nd optimal solutions to the problem with this
constraint added, in a reasonable time. The reason for this is likely that
instead of solving each problem separately, the optimal charging strategies
of the di�erent vehicles become connected, and thus result in a much larger
problem. It is known that the solving time of MILPs can be heavily depen-
dant on the number of integer variables in the problem. This issue has not
been investigated or addressed much further in this work, but it is worth
mentioning.

As mentioned before, for the cases where a optimal solution cannot be
found in reasonable time, the related linear problem could be solved to get
an approximation of the optimal value. When using CPLEX as solver, there
is also the option of providing a good starting guess for some of the binary
variables in the problem from knowledge of the problem structure. With our
problem, this is a reasonable approach, since we can guess a lot about the
optimal charging strategy given a particular instance of the problem.

5.2 Degradation model limitations and choice

We start our discussion by listing a few comments on the limitations of our
chosen ageing model, as well as an attempt at justifying the validity of our
choice. Three main points can be made about the limitations of the chosen
model:

1. Battery degradation is simpli�ed to a function of two parameters. The
model does not account for other parameters which are known to in-
�uence battery degradation, for instance the battery SOC.

2. The model is based on measurements done one particular battery chem-
istry, and hence the results cannot be assumed to be representative to
other battery chemistries.

3. By �tting linear functions to the degradation surface, some information
about the characteristics of battery degradation is lost.

However, one can provide arguments that the above limitations can be jus-
ti�ed, and that this battery model is suitable for our purposes. Each point
is treated separately.
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1. In the analysis done on the experimental data, the two parameters
accounted for are identi�ed as the ones with greatest impact on degra-
dation su�ered by the battery. Hence, the most important aspects of
degradation for this battery type are captured in the model.

2. It is impossible to �nd a model which captures ageing for all types
of batteries, but some main aspects of degradation are common to
di�erent battery types.

3. The �t of the piecewise linear functions to the degradation surface is
done in order to obtain a model which can be used in an optimiza-
tion problem. For computational purposes, a piecewise linear model is
suitable.

It is also interesting to see how the estimate of battery cost from this battery
degradation model compares to other estimates in the literature. A discussion
and comparison to values provided in other work is discussed below.

5.3 Discussion of the results

The results we have found do not at all seem promising when it comes to the
pro�tability of V2G storage of energy in electric vehicle batteries with cur-
rent battery prices, battery degradation and energy prices. However, there
are some comparisons which can be done in order to put our results into
perspective. In particular we can compare our assessment of battery degra-
dation to other available sources or estimates. Also, it is relevant to look at
predictions of battery pricing for the coming years.

To begin with, one can look at the battery prices and the available pre-
dictions regarding EV battery pricing for the coming years. Currently, EV
batteries have prices of 350-500 $/kWh [16]. However, there are various pre-
dictions that these prices will decrease with an increased EV penetration of
the transportation market. For instance, a market prognosis published by
McKinsey in 2012 suggests that EV lithium-ion battery prices are expected
to drop to 200 $/kWh by 2020 and 160 $/kWh by 2025 [17]. A comprehensive
summary of available predictions is presented in [16], and the conclusion is
made that EV battery costs can decrease to 200 $/kWh in the near future.
It is likely that battery prices could be halved to year 2025 compared to the
value we have used in our case.

Now let us look closer at the values obtained for the battery degradation.
Certain sources indicate that our model is likely overestimating the ageing.
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For instance, the most optimistic sources indicate that we could be overes-
timating the degradation by a factor 5 [18] for the short cycles seen in our
results, which of course is a very high overestimation. Also, the studies we
looked at in Chapter 2 estimate lower battery degradation costs compared to
our model. Other reports regarding current EV models suggest that we are
making an overestimation of the ageing by a factor 2− 3, for instance some
EVs currently on the market have a 5 year battery guarantee. However, as
we see in our results, the cost of ageing would have to be more than ten times
less for V2G to begin to be pro�table, or about �ve times less if battery costs
are halved.

5.4 Conclusions

Given our battery model and the current energy pricing and battery prices
the option of using EV batteries as storage in a V2G context is not prof-
itable. Seeing as battery prices are expected to decrease signi�cantly in the
near future, battery technology is improving, and our battery model is likely
overestimating the degradation due to charging, the V2G possibility is worth
evaluating further.

Considering the existing predictions of battery development, as well as
battery and energy prices, further hypothetical cases could be constructed.
For battery chemistries where DOD over a cycle is an important factor, and
can be modelled as a piecewise linear cost function, our optimization model
can be used to formulate and analyse these hypothetical cases, and to �nd
optimal charging and discharging strategies.
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Appendix A

Notation

Sets

J set of aggregated vehicles, index j = 1, ...,m

K set of time periods, index k = 1, ..., n

S set of starting points for line segments of piecewise linear function,
index s = 1, ..., p

Parameters

Smax
j maximum allowed state of charge for vehicle j [kWh]

Smin
j minimum allowed state of charge for vehicle j [kWh]

Sstart
j state of charge at start of plug-in period for vehicle j [kWh]

Send
j required state of charge at end of plug-in period for vehicle j [kWh]

cmax
j maximum charging power for vehicle j [kW]

dmax
j maximum discharging power for vehicle j [kW]

Qj battery energy capacity for vehicle j [kWh]

pk energy price at time period k, [SEK/kWh]

ηc charging e�ciency

ηd discharging e�ciency

P battery
j battery price of vehicle j [SEK]
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T approximate temperature during charging period [◦C]

xs x-coordinate for starting point of line segment s of piecewise linear
battery degradation function

ys y-coordinate for starting point of line segment s of piecewise linear
battery degradation function

ε parameter used for conditional constraints in depth of discharge
calculation

Mj parameter used for conditional constraints in depth of discharge
calculation

Positive variables

cj,k charging power of vehicle j in time period k, [kW]

dj,k discharging power of vehicle j in time period k, [kW]

Sj,k state of charge of vehicle j after time period k [kWh]

Dj,k depth of discharge of vehicle j after time period k, as a fraction
of battery energy capacity Qj

Positive variables for depth of discharge calculation

Scyclestart
j,k variable retaining the state of charge of vehicle j for a ongoing

charging cycle [kWh]

Scycleend
j,k state of charge of vehicle j when a cycle ends after time period k

[kWh]

DODj,k depth of discharge of vehicle j after time period k [kWh]

Dcost
j,k fractional battery degradation for vehicle j corresponding to the

depth of discharge Dj,k for a cycle ending after time period k

Binary variables

Supj,k variable indicating that vehicle j is charging in time period k

Sdown
j,k variable indicating that vehicle j is discharging in time period k
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Sunstablej,k variable indicating that vehicle j is either charging or discharging
in time period k

Sstablej,k variable indicating that vehicle j is neither charging nor discharg-
ing in time period k

cstartj,k variable indicating that vehicle j starts charging in time period k

cendj,k variable indicating that vehicle j ends charging in time period k

Functions

l(Dj,k, T ) piecewise linear battery degradation as a function of depth of
discharge and temperature
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Appendix B

Piecewise linear objective

function using Special Ordered

Sets of type 2

In order to model the (possibly non-convex) piecewise linear cost function
for battery degradation, we use a formulation which utilizes a special type of
variables. These (ordered sets of) variables are referred to as Special Ordered
Sets of type 2 (SOS2), and were �rst introduced in [19] as a facility to improve
on the computational performance for solving certain classes of mixed inte-
ger linear problems. In particular, solvers like CPLEX can take advantage
of these structures using special branching strategies in the branch-and-cut
search procedure when solving MILP problems [20].

Now, a SOS2 set of variables is a ordered set of variables where at most
two variables can be non-zero, and where the two non-zero variables have to
be adjacent. The SOS2 variables can be discrete or continuous.

A piecewise linear cost function of can be easily constructed using SOS2
variables. This can be done as follows. Take the points which mark the start
and end points of each line segment, (xi, yi), i.e. the vertices of the piecewise
linear function. Then, the �rst segment of the function is the straight line
between (x0, y0) and (x1, y1), the next segment between (x1, y1) and (x2, y2),
and so on.

Next, introduce the set of positive continuous SOS2 type variables λi,
with the additional constraint

∑
i λi = 1. Then, each λi can be considered

as a weight associated with the corresponding point (xi, yi) of our piecewise
linear function. Call the piecewise linear function y, as a function of x. Then,
for our purpose we can write x =

∑
i λixi and y =

∑
i λiyi. A graphical rep-

resentation can be seen in Figure B.1.
Now, the general optimization problem of �nding a minimum of a piece-
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wise linear function of one variable can be formulated as follows (with some
additional constraints on the variable x, which of course depends on the
problem at hand):

min
x

y

s.t. x =
∑
i

λixi

y =
∑
i

λiyi∑
i

λi = 1, λi ∈ SOS2

xlow ≤ x ≤ xup

(B.1)

Note that the formulation of piecewise linear functions for optimization
purposes could have been done using integer variables. However, as men-
tioned above, a SOS2 formulation is one that the optimization solver can
treat in an e�cient way. Note also that the problem needs to be speci�ed
to be a MILP, since the solver always translates a SOS2 formulation into an
integer program for the solving process.

Figure B.1: Piecewise linear function with SOS2 variables λi.
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Appendix C

Conditional constraints using

binary variables

When modelling the required conditional constraints in our optimization
problem, there is a need to imply some tricks from integer programming,
and in particular to make use of binary indicator variables. The main ref-
erence for this modelling has been [13]. Described below are the methods
which are used to model the types of conditional constraints necessary for
our particular problem.

The �rst case is to distinguish between di�erent states or values that a
continuous positive variable x can take, namely x = 0 and x > 0. In order
to do this, a binary indicator variable z is introduced. The goal here is to
formulate a condition which ensures that x > 0 ↔ z = 1 holds logically.
First, x > 0→ z = 1 can be achieved by the constraint:

x−Mz ≤ 0 (C.1)

where M is a known upper bound on x (it is known that this type of con-
straint, often referred to in the literature as a "Big M" formulation, may
cause computational di�culties if M is chosen unrealistically large. How-
ever, in all cases where we use such formulations in our problem, we have
known upper bounds on the continuous variables used).

To formulate x = 0 → z = 0 is trickier. Note that this statement is
logically equivalent to z = 1 → x > 0. We cannot fully capture this, and
a numerical approximation is necessary. If we introduce some constant m
which is small enough, below which we consider x to equal 0, we can say
z = 1→ x > m. Then, we can formulate the following constraint.

x−mz ≥ 0 (C.2)
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Now, the second type of conditional constraint we want to enforce is of
the type w = 1→

∑
i aixi = b, i.e. if some binary variable w takes the value

1, an equality constraint is active. Again, this requires two steps. First,
w = 1→

∑
i aixi ≤ b can be represented as∑

i

aixi +Mw ≤M + b (C.3)

It can be seen that if w = 1 the constraint is enforced, and if w = 0 we
obtain

∑
i aixi− b ≤M and hence M must be chosen as an upper bound for

the expression
∑

i aixi − b.
The second step is to formulate w = 1 →

∑
i aixi ≥ b. This can be

expressed ∑
i

aixi +mw ≥ m+ b (C.4)

where m is a lower bound for the expression
∑

i aixi − b.
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