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Abstract In recent years, a wide variety of centralised

and decentralised algorithms have been proposed for

residential charging of electric vehicles (EVs). In this pa-

per, we present a mathematical framework which casts the

EV charging scenarios addressed by these algorithms as

optimisation problems having either temporal or instanta-

neous optimisation objectives with respect to the different

actors in the power system. Using this framework and a

realistic distribution network simulation testbed, we pro-

vide a comparative evaluation of a range of different

residential EV charging strategies, highlighting in each

case positive and negative characteristics.

Keywords Electric vehicle, Smart grid, Decentralised

control, Centralised control, Demand side management

1 Introduction

Electric vehicles (EVs) avoid the use of petroleum, and

so are seen as an efficient and effective replacement for

traditional internal combustion engine based vehicles

(ICEVs). They are expected to play a vital role worldwide

in the near future in terms of addressing CO2 reduction

targets, combating climate change and improving energy

security [1–3]. However, as EV penetration increases, the

extra demand due to EV charging will have a considerable

impact on the design and operation of electrical power

systems [4]. In [5–10], it has been shown that the wide-

spread adoption of EVs could negatively impact the dis-

tribution network if charging is not properly coordinated.

Grid impacts of uncoordinated charging include, but are

not limited to, increased voltage imbalance [7], increased

grid losses [8], overloading [6], fluctuation of grid fre-

quencies [11], and increased harmonic distortion [12]. In

turn these effects result in a decrease in the operational

efficiency of the grid and in the life span of electrical de-

vices. It is also observed in these studies that in order to

accommodate the extra EV charging loads, it will be nec-

essary for utilities to invest in and reinforce grid infras-

tructures in heavily loaded areas, to accommodate both EV

and household loads.

It has been shown in [4, 10] that by using suitable

charging strategies, it is possible to mitigate some of the

adverse impacts of charging, which could in turn reduce or

postpone the need for infrastructure reinforcement. To

date, there have been several different strategies proposed

for charging groups of EVs connected to low-voltage dis-

tribution networks [9, 13–15]. These strategies can be

classified from the perspective of the different actors in the

power system, which consist of EV consumers, distribution

system operators (DSOs) and transmission system op-

erators (TSOs) [16].

Consumer oriented algorithms typically focus on max-

imising the amount of charge that can be allocated to a

customer in a given time period. It is usually desired to

achieve this in a fair manner, providing a satisfactory

quality of service (QoS), without violating system con-

straints, and minimising the cost to the customer. Many

algorithms have been proposed using a centralised
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framework, the aim of which is to maximise the amount of

charge allocated to customers [13, 17]. Here centralised

implies that all the information in the network is available

to a centralised controller, which in turn processes the in-

formation and decides the charge each EV will receive.

These algorithms are typically based on linear program-

ming techniques. While centralised coordination gives the

best performance possible [18], centralised algorithms re-

quire access to global system information, which might not

always be accessible, and centralised algorithms typically

do not scale well [18–20]. For these reasons, several de-

centralised strategies have been proposed recently for EV

charging [21–26]. In decentralised charging strategies in-

dividual EVs are given a certain level of decision making

autonomy. Often individual EV chargers send a limited

amount of information to a centralised unit which in turn

provides some global coordination of their decisions, to a

degree determined by the algorithm in use.

From the perspective of DSOs, charging strategies are

usually designed to achieve a grid related objective such as

the minimisation of power losses, while satisfying grid

constraints, and providing satisfactory customer service.

Several centralised coordination strategies of this nature

have been developed in [15, 27–31]. Vehicle-to-grid (V2G)

techniques for grid regulation have also been proposed. For

example, in [28], V2G was used for grid regulation on a

daily basis and for peak reduction at times of high demand.

Some decentralised optimisation approaches have also

been proposed to enhance grid regulation [32, 33].

Charging strategies aligned to TSO priorities include

those focused on the scheduling of power supplies in an

economic way, and those seeking to maximise the use of

renewables on the grid. Centralised TSO based charging

strategies include [34], where serial quadratic program-

ming techniques were used to minimise the variance in the

U.K. national demand profile, and [35] which examined the

use of quadratic programming for load flattening under

different penetrations of EVs. A more general study of

adapting different centralised optimisation strategies for

the coordination of EVs from the perspective of TSOs is

presented in [36]. Several decentralised approaches de-

veloped from the TSO perspective are given in [37, 38]. In

[39–42], EVs are used for storage and control in order to

maximise the utilisation of renewable energy. In [41],

mixed-integer-linear-programming (MILP) was used to

schedule EV charging loads in order to reduce charging

costs and carbon emissions. In addition to this, EVs have

been used to provide ancillary services, such as frequency

control [43, 44].

With such a wide variety of algorithms available for EV

charging it is desirable to have a common framework under

which their performance can be compared. The objective

of this paper is to present such a framework for residential

charging of EVs, and to provide a comparative evaluation

of a range of residential EV charging strategies within this

framework using a realistic distribution network simulation

testbed and representative charging scenarios. Through this

comparison the positive and negative characteristics of

each approach are identified, and the good, the bad and the

ugly, so to speak, are highlighted.

The remainder of the paper is organised as follows. The

proposed framework is introduced in Section 2. The EV

charging algorithms considered are summarised in Sec-

tion 3 and the testbed and simulation results are presented

in Section 4. The results are discussed in Section 5 and

finally conclusions are presented in Section 6.

2 EV charging problem formulation

A scenario in which a number of houses incorporating

EVs are connected to a power distribution network is

shown in Fig. 1. In this network, S is defined as the number

of distribution transformers. Let S denote the set {0, 1,…,

S}. These transformers are then connected to the medium-

voltage (MV) substation bus, SubBus. The substation bus is

powered by a transformer called TR(0), which connects to

an external bulk power system.

A number of simplifications are used in the system

model. The load power consumption in the network is

discretised into M discrete time slots, each of length

DT. For indexing purposes, let M denote the set {1, 2,…,

M}. The loads are classified as non-EV loads, and EV

loads, in the low-voltage (LV) areas. The number of houses

across all LV areas is given by N. Let N denote the set {1,

2,…, N}. The index set of all houses connected to the

transformer TR(i) is given by /i
h, and similarly the index

Fig. 1 Schematic diagram of the distribution network
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set of all EVs connected to the transformer TR(i) is given

by /i
c.

The non-EV power consumption for the jth house at time

slot k is given by hj(k), and ci(k) denotes the charge rate of

the ith active EV charge point at time slot k, for all k 2 M.

The electricity price signal at sample time k, denoted E(k),

can represent either time-of-use (TOU) [45] or real-time

pricing. The corresponding electricity price signal vector is

given by ET :¼ Eð1Þ; Eð2Þ; . . .;EðMÞ½ �. The charge rate

vector for all EVs is given by cðkÞT :¼ c1ðkÞ; c2ðkÞ;½
. . .; cNðkÞ� for all k 2 M. The charge rate profile for the ith

EV is specified by cTi :¼ ½cið1Þ; cið2Þ; . . .; ciðMÞ�. A charge

rate matrix is also defined as C :¼ cð1Þ; cð2Þ; . . .; cðMÞ½ �.
The plug-in time and plug-out time of the ith EV are given

by siin and siout, respectively. Therefore, the ith EV must be

charged within siin; s
i
out

� �
. Let Pav(k) denote the maximum

available power that can be drawn from the external grid at

time k Due to the battery specification, each EV may have a

different battery size (kWh), and this parameter is denoted

as Bi for the ith vehicle. The state-of-charge (SOC) for the

ith EV at time k, SOCi(k), within siin; s
i
out

� �
is given by:

SOCi kð Þ ¼ SOCi s
i
in

� �
þ

Xk�1

i¼si
in

ci jð Þ � DT
Bi

ð1Þ

Here SOCi siin
� �

is the initial SOC for the ith EV when it

plugs in. The maximum achievable SOC for the ith EV is

given by:

SOCi
max ¼ min 1; SOCi s

i
in

� �
þ
cimax siout � siin

� �
� DT

Bi

� �

ð2Þ

where cimax is the maximum charge rate (kW) of the ith EV

charge point. A feasible charging profile is a charging

profile which satisfies both plug-in constraints and the state

of charge condition, i.e. SOCiðMÞ ¼ SOCi
max [46].

The following are also defined:

1) Aggregate non-EV base load at time k is given by:

bðkÞ :¼ P0
subðkÞ �

XN

i¼1

ciðkÞ ð3Þ

2) Aggregate non-EV base load profile is defined as:

bT :¼ bð1Þ; bð2Þ; . . .; bðMÞ½ � ð4Þ

2.1 Plug-in constraints

The ratings of both the EV charge point and vehicle battery

impose constraints on the feasible charge rates which can be

drawn from the charging socket by each EV. These are de-

scribed in the following. For the ith EV, the maximum charge

rate is denoted by cimax. Considering the charging rate over the

course of the full M time slots and noting that charging can

only take place when the EV is plugged in and not already

fully charged, the constraints are given as follows:

if siin � k� siout
0� ciðkÞ� cimax;

ð5Þ

If k� siin; k� siout; or SOCiðkÞ ¼ 100%;

ciðkÞ ¼ 0
ð6Þ

2.2 Power system constraints

Some of the charging scenarios considered in the paper

explicitly take account of constraints on power system

transformer loading levels and voltage profiles. The total

loading conditions for each transformer Pi
subðkÞ, i 2 S at

each time slot k is inspected, and the voltage for each

connected node vi(k) is used to evaluate the voltage level at

each sample step. In this context, the power flow for the ith

transformer can be expressed as:

Pi
subðkÞ ¼

X

j2/i
h

hjðkÞ þ
X

j2/i
c

cjðkÞ; i 2 1; 2; . . .; Sf g ð7Þ

Accordingly, the total power flow for the main

substation is defined as:

P0
subðkÞ ¼

Xs

j¼1

P
j
subðkÞ ð8Þ

In practice, (7) and (8) would not be evaluated

explicitly; rather the relevant power flows would be

measured directly at the transformers and would therefore

also include distribution system losses. Letting TRi
max

denote the maximum power rating for the ith transformer,

the power flow constraint can be expressed as:

Pi
subðkÞ� TRi

max; i 2 S: ð9Þ

In a similar fashion, defining the minimum acceptable

voltage level as vmin, the voltage constraint is given by:

viðkÞ� vmin; i 2 N: ð10Þ

While the voltage level can be measured at each charge

point, in general for monitoring purposes it only needs to

be checked at the end of each phase since this will be the

point where voltage violations will occur first.

2.3 Cost functions

Having established the model parameters and con-

straints, cost functions need to be defined to reflect the

desired EV charging behaviour. Typically, cost functions

for EV charging can be divided into two groups. The first

are temporally based cost functions J(C) that evaluate ac-

tions taken over a period of time. The second are
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instantaneous cost functions J(c(k)) that only consider the

current sample step.

In the case of temporal optimisation, which is essentially

a scheduling problem, the optimum solution requires a priori

knowledge of all relevant parameters over the optimisation

horizon, k 2 M, such that the full C matrix can be deter-

mined, leading to sub-optimal solutions due to the uncer-

tainty surrounding the predicted loads. These problems are

typically computationally challenging and do not scale well.

Typical temporal optimisation objectives include:

1) Minimising the total charging costs for all EVs over

the course of all time slots [47]:

J Cð Þ ¼
XM

k¼1

XN

i¼1

ciðkÞ � DT � EðkÞ ð11Þ

2) Minimising the total energy losses on power

transmission lines during EV charging period [48],

J Cð Þ ¼
XM

k¼1

XNl

i¼1

I2l;k � Rl � DT ð12Þ

where Nl is the number of lines in a given area, Il,k the

current on line l at time k, and Rl the resistance for line l.

3) Minimising the load variance (thereby flattening the

load profile): [37, 46]

J Cð Þ ¼
XM

k¼1

P0
subðkÞ � P0

sub

� 	2

ð13Þ

where P0
sub is defined as the average power consumption

measured at the main transformer over the course of

M time slots.

In each case the optimisation problem is defined as

min
C

JðCÞ

subject to:
Plug-in constraints

SOCiðMÞ ¼ SOCi
max; 8i 2 N


 � ð14Þ

where the SOC constraint is necessary to avoid the trivial

solution C = 0.

Instantaneous cost functions are defined in terms of the

information available at the current sample step, and hence

are not subject to the uncertainty associated with load

prediction, PEV availability, etc. Also, they are typically

more amenable to decentralised implementation than

temporal methods. However, as these functions only cater

for the conditions at the current sample step, they typically

cannot accommodate global or long term objectives. Ex-

amples of instantaneous optimisation objectives include:

1) Charge rate based fairness [33]: Here the objective is

to minimise the difference between the charge rates of

each EV while distributing the available power among

EVs, that is:

min
cðkÞ

PN

i¼1

ciðkÞ � 1
N

PN

i¼1

ciðkÞ
� 2

subject to:

PN

i¼1

ciðkÞ ¼ PavðkÞ; 8k 2 M

Plug-in constraints

Power system constraints (optional)

8
>><

>>:

9
>>=

>>;

ð15Þ

2) Price based fairness [21]: In this case, charging fairness

is defined from the perspective of the charging cost. In

this problem, we expect the allocated charge rate for

each EV to be proportional to the amount of money

they would like to pay. A parameter xi is introduced for

this purpose to reflect the level of willingness to pay of

the ith EV customer. The resulting optimisation problem

can be expressed as:

min
cðkÞ

PN

i¼1

ciðkÞ
xi

� 1
N

PN

i¼1

xi � ciðkÞ
� 2

subject to:

PN

i¼1

ciðkÞ ¼ PavðkÞ; 8k 2 M

ciðkÞ
cjðkÞ ¼

xi

xj
; 8i 6¼ j 2 N; 8k 2 M

Plug-in constraints

Power system constraints (optional)

8
>>>>><

>>>>>:

9
>>>>>=

>>>>>;

ð16Þ

Comment: The algorithms proposed in [33] and [21] can

be thought of as providing an approximate distributed so-

lution to the optimisation problems defined in (15) and

(16), respectively. The constraint
PN

i¼1

ciðkÞ ¼ PavðkÞ in both

(15) and (16) is considered to avoid trivial solutions. In

addition, the power system constraint is not considered in

[21, 33]. However, as a necessary option for the grid, we

shall consider this constraint in the proposed enhanced

algorithms given in Section 3.

3) Maximising available power utilisation [17]: Here,

utility companies wish to maximise the power deliv-

ered to charging EVs. The mathematical formulation

of this problem is given as follows:

max
cðkÞ

PN

i¼1

ciðkÞ

subject to:
Plug-in constraints

Power system constraints


 � ð17Þ

This can be generalised to:

max
cðkÞ

XN

i¼1

fiðciðkÞÞ ð18Þ

where fi is defined as a utility function associated with the

ith EV, and can be used to influence charging behaviour.

For instance, in [17], the functions were chosen such that
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EVs with lower SOC were given higher priority for

charging.

3 Charging strategies

In this section, we introduce a number of different

competing charging strategies that have been proposed in

the literature, which we will evaluate on a realistic distri-

bution network simulation testbed in Section 4.

3.1 Uncoordinated charging strategy

Uncoordinated charging, also known as uncontrolled

charging or dumb charging, is where each EV begins

charging at the maximum rate once it is plugged in, and

continues charging at this rate until fully charged. The

negative consequences of this approach for grid operation

have been highlighted in many studies, see for example

[15, 17]. In the worst case scenario, if all EVs start to

charge during peak load hours, then peak power require-

ments will be increased significantly and local distribution

networks will likely be overloaded. This charging strategy

can be viewed as the solution to the following temporal

optimisation problem:

max
C

PM

k¼1

PN

i¼1

SOCiðkÞ

subject to: Plug-in constraintsf g
ð19Þ

3.2 Decentralised AIMD algorithms

The additive increase multiplicative decrease (AIMD) al-

gorithm was originally applied in the context of decentralised

congestion control in communication networks [49]. Reference

[33] proposed applying the AIMD algorithm to EV charging

problems and demonstrated its effectiveness in a number of

practical scenarios. Roughly speaking, the key characteristic of

the AIMD algorithm is that it guarantees an equitable ‘‘aver-

age’’ distribution of the available power between active EV

charge points if each charge point chooses the sameparameters.

The elegance of the approach is that it achieves this desirable

property while requiring only a minimal communication in-

frastructure and limited computational power at each EV. In

addition, the simple communication topology and minimal

communication bandwidth make it a highly scalable and cost

effective solution. Further details could be found in [33].

3.3 Enhanced distributed AIMD algorithms

It should be noted that in the basic decentralised AIMD

algorithm proposed in [33], many practical power system

constraints were not considered. As an extension, we

introduced a number of enhancements to the basic decen-

tralised AIMD in [50] so that power system constraints on

voltage and loading are taken into account.

The AIMD charging strategy is inherently an instanta-

neous algorithm with no temporal visibility, hence it can-

not take a longer term view in terms of determining EV

charge rates. However, a simple heuristic modification can

be introduced to the available power calculation that allows

the temporal context to be taken into account in a mean-

ingful way with negligible impact on overall system

complexity. The heuristic is to modulate the available

power signal Pav(k) with TOU pricing information E(k) so

that an artificial reduction in available power is created at

times of high electricity prices, that is:

P�
avðkÞ ¼ PavðkÞ � d EðkÞ � Eminð Þ: ð20Þ

Here d is a constant tuning parameter,Emin is theminimum

TOU price during the day. Please refer to [50] for further

details on this heuristic and the Enhanced AIMD (EnAIMD)

implementation.

Comment: Other approaches to fair decentralised EV

charging have also been proposed. In particular, [51] de-

scribe a decentralised methodology for achieving fair EV

charging under transmission constraints. This is based on

solving a centralised mixed-integer-nonlinear-program

(MINLP) problem using decomposition techniques, where

each EV determines its own charging schedule by it-

eratively solving a knapsack-type optimisation problem.

However, this method has a large communication overhead

arising from the need for transacting signals between the

EVs and a central authority. More sophisticated algorithms

are also possible using the AIMD based approach; for in-

stance [52] develop a V2G implementation that provides

reactive power compensation capabilities to the grid.

3.4 Distributed price feedback

In [21], Fan borrowed the concept of congestion pricing

in internet traffic control and introduced a willingness to

pay (WTP) parameter to model the preference of user de-

mand. Based on these ideas, he then developed a novel

distributed framework for demand response and verified

the convergence and dynamic behaviour of his adaptive

algorithm, namely distributed price feedback (DPF), by

case studies. With this framework in place, a novel dis-

tributed EV charging method was proposed such that each

EV user could adapt their charging rate according to their

personal preferences, maximising their own benefits.

3.5 Enhanced distributed price feedback

As was the case with AIMD, the original DPF frame-

work does not consider the impact of EV charging on grid

194 Mingming LIU et al.
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parameters. To address this we introduced an enhanced

DPF (EnDPF) implementation in [53] that includes addi-

tional functionality similar to that introduced in EnAIMD.

3.6 Ideal centralised instantaneous charging

Here, an ideal centralised instantaneous charging (ICIC)

solution based on a hierarchical structure is introduced. At

sample step k, all charging EVs are required to send their

charging requests cimax to their local transformers. Each

local transformer calculates the charge rate for each EV i in

area j, taking into account the current local capacity

TR j
max � P

j
subðkÞ; �8i 2 /j

c , and forwards the power re-

quirements to the main substation. If the total amount of

requested power exceeds the available power, the main

substation TR(0) allocates the available power to each

substation in proportion to the requested values. Each

substation then updates their EV charge rates accordingly

and broadcasts the information to the charge points. This

strategy is feasible for solving the following optimisation

problem:

min
cðkÞ

PN

i¼1

ciðkÞ � 1
N

PN

i¼1

ciðkÞ
� 2

subject to:

Plug-in constraints
PN

i¼1

ciðkÞ ¼ PavðkÞ; 8k 2 M

Pi
subðkÞ� TRi

max; 8i 2 S

8
>><

>>:

9
>>=

>>;

ð21Þ

Note that voltage constraints are not considered within

this formulation for the sake of simplicity.

3.7 Optimal decentralised valley-filling charging

A novel decentralised temporal optimisation algorithm,

namely optimal decentralised valley-filling (ODVF), was

proposed in [46] to optimally schedule EV charging to

perform valley filling through an iterative process. It has

been shown that the charging profile for each EV can reach

optimality within a few iterations and that the approach

provides satisfactory performance and is robust to errors in

users’ specifications and outdated signals.

In order to minimise the load variance (valley-filling) by

the ODVF method, the following is solved:

min
c

PM

k¼1

PN

i¼1

ciðkÞ þ bðkÞ
� 2

subject to:

Plug-in constraints

P0
subðkÞ� TR0

max

SOCiðMÞ ¼ SOCi
max; 8i 2 N

8
<

:

9
=

;

ð22Þ

where b(k) denotes the kth element of base load profile

b. Details of the algorithm implementation could be re-

ferred in [46].

3.8 Decentralised selfish charging strategy

In this charging strategy, it is assumed that charging is

conducted in a decentralised fashion by each EV guided

only by TOU pricing information (assumed to be available

a priori) and plug-in constraints. TOU information moti-

vates EV owners to shift their demands to cheaper price

periods. Therefore, in decentralised selfish charging (DSC),

each EV optimises its charging schedule in order to meet

its charging requirements at the minimum cost with no

regard for the impact on the power system.

Mathematically, the DSC formulation can be viewed as

solving the follows optimisation problem:

min
c

PM

k¼1

ciðkÞ � DT � EðkÞ; 8i 2 N

subject to:
Plug-in constraints

SOCiðMÞ ¼ SOCi
max; 8i 2 N


 � ð23Þ

3.9 Centralised cost minimisation charging strategy

In this section, a centralised charging cost minimisation

(CCCM) strategybased on linear programming is proposed to

minimise the total cost of charging EVs. Using this method,

the charge rate matrix of all vehicles C is determined at a

centralised control center. Rather than updating the charge

rate locally according to some feedback signals (e.g. price

signal) at every time slot, centralised approaches are more

amendable to fulfilling temporal based objectives (e.g. min-

imising total charging costs, valley-filling).We assume that at

the beginning of the scheduling window, all essential infor-

mation is provided to the optimisation program for compu-

tation in the control center. This information includes the

predicted base load b and the charging schedule of each EV,

i.e., siin and siout.
In this case, the optimisation problem is taken as a

centralised scheduling problem to minimise total charging

costs. The mathematical formulation can be defined con-

sidering the SOC of all EVs, power system constraints and

plug-in constraints:

min
c

PM

k¼1

PN

i¼1

ciðkÞ � DT � EðkÞ

subject to:

Plug-in constraints

Power system constraints

SOCiðMÞ ¼ SOCi
max; 8i 2 N

8
<

:

9
=

;

ð24Þ

Comment: If the power system constraints are omitted,

the solution to the optimisation problem defined in (24) is

mathematically equivalent to the solution of (23). Thus,

CCCM is an enhancement of DSC since it is not practical

to incorporate power system constraints in the DSC

method. However, this is at the expense of substantial

communication and computation overhead.
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3.10 Centralised load-variance-minimisation charging

In this case, the optimisation problem is formulated as a

quadratic programming problem, the aim of which is to

flatten the overall load profile, i.e., valley-filling. Compared

to the ODVF method, as defined in Section 3.7, this

charging strategy, denoted CLVM, gathers all the neces-

sary information from both the grid and EV customers

before solving the quadratic optimisation problem, in order

to determine the optimal charge rate matrix C before

charging commences. Mathematically, the optimisation

problem is given by (13) and (14) as presented in

Section 2.3.

4 Case studies and results

4.1 Simulation set-up

In order to compare the performance of the different

charging strategies, a one day simulationwas runwithDT set
to 5 min, i.e. M = 288. The simulation was conducted on a

typical residential low voltage distribution network with

S = 3 and N = 160. The houses are distributed evenly

across phases with maximum 50%EV penetration randomly

connected in three household areas.

This distribution network was modelled and imple-

mented using a custom OpenDSS/ Matlab simulation

platform. OpenDSS [54], an open source electric power

system distribution system simulator, was used to simulate

the power system and calculate the instantaneous power

flows and voltage profiles for the test network. Matlab was

used to simulate typical residential EV connection, SOC

and disconnection patterns (randomly generated for each

EV) and to create a wrapper programme to simulate the

operation of the network over a period of time for varying

household and EV loads based on various charging

strategies. The topology of the network is given in

Fig. 1.

The non-EV household load profiles for each scenario

were generated based on residential customer smart meter

electricity trial data provided by the Commission for En-

ergy Regulation (CER) [55] in Ireland. The assumptions on

EV travelling patterns, and hence SOC and plug-in/out

probability distributions, were taken from [56]. For com-

parison purposes, the same plug-in/out and SOC values

were used with each method considered. It was assumed

that all EVs charged overnight and that once an EV was

plugged in, it only physically plugged out at the scheduled

plug-out time.

We now present a comparison of the listed charging

strategies grouped according to their different characteris-

tics as follows.

1) Uncoordinated charging strategy

2) Fairness based strategies: AIMD, DPF, EnAIMD,

EnDPF and ICIC and their TOU price adjusted

extensions

3) Cost minimisation strategies: DSC and CCCM

4) Valley-filling strategies: ODVF and CLVM

4.2 Evaluation of the uncoordinated charging strategy

As already noted in Section 3.1, uncontrolled charging

is where each EV is charged at its maximum rate once it is

plugged in and continues charging at this rate until it is

fully charged. In this section, different penetration levels of

EVs on the network were examined to evaluate the impact

of uncontrolled charging on both power grid and cus-

tomers. As shown in Fig. 2, the minimum non-EV voltage

on all buses during the peak-periods was found to be

0.9538 p.u. (219.36 V). With uncontrolled EV charging

coinciding with peak-power several bus voltages drop be-

low 0.95 p.u. (the minimum accepted voltage on the grid),

with the minimum voltage found to be 0.9151 p. u. around

7 pm.

The power flow at the substation and all local trans-

formers are marginally overloaded during peak times as a

result of EV charging in the case of 10% EV penetration, as

can be seen in Fig. 3. In the case of 50% EV penetration,

maximum loading occurs around 8 pm and exceeds the

available power by 43.56%. Thus, for our test distribution

network, uncontrolled charging at 50% EV penetration

cannot be supported.

4.3 Evaluation of fairness based strategies

In this section, the different fairness based charging

strategies are discussed. In the DPF method, the WTP

parameter was chosen to be 1, 2 or 3 randomly by each EV.

Fig. 2 Comparison of the minimum voltage profiles with different

levels of EV penetration using uncontrolled charging
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In the case of the ideal algorithm, results are presented only

for the implementation without the voltage limitation

condition. For all methods, the utility regulatory factor d in

(20) was set to 10. The resultant power and voltage pro-

files, and the profile of the loading of the second trans-

former are presented in Figs. 4, 5, and 6, respectively.

The results show that both AIMD and DPF provide a

good approximation to the ideal solution, and as such are

competitive alternatives to the ideal solution given the

substantially reduced communication overhead associated

with their distributed implementation. DPF has the advan-

tage that by using its price-feedback approach, it is able to

provide users with a charge rate proportional to their WTP

in their local area (local fairness is maintained at each given

time instance), which is demonstrated in Fig. 7. The aver-

aged charge rate obtained by DPF method for EVs con-

nected in a given area (TR(2)) was calculated as 0.94, 1.42

and 1.76 kW by means of slow, normal and fast charging,

respectively. It should be mentioned that the average charge

rate for the different EVs is not necessarily proportional to

Fig. 3 Comparison of the power consumption at the main substation

with different levels of EV penetration using uncontrolled charging
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Fig. 4 Comparison of the power consumption at the main substation

with different charging strategies
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Fig. 5 Comparison of the minimum voltage profile with different

charging strategies
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Fig. 6 Comparison of the loading conditions on transformer TR(2)

with different charging strategies
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their WTP parameters, due to the impact of local power

system and charging infrastructure constraints.

Note that the results for the scenarios without price-

adjusted available power are summarised in the Table 1.

4.4 Evaluation of cost minimisation strategies

In this section, the two charging strategies designed to

minimise charging costs, namely DSC and CCCM, are

applied to the distribution network with 50% EV penetra-

tion and TOU pricing as given in Fig. 8. Simulation results

show that DSC, which has no regard for power system

constraints, violates local transformer loading constraints

even if EV charging is delayed to off-peak times (around

12 am), while 50% EV penetration can be comfortably

accommodated on the network with CCCM, as shown in

Fig. 9 and the transformer loading indexes reported in

Table 1. However, CCCM needs to gather information

from EVs and also from the power grid, hence it has

substantial scalability issues compared to DSC.

4.5 Evaluation of valley filling charging strategies

For the following simulations, a simplification is made

by assuming that all EVs share a common plug-out time of

6 am. As can be seen in Fig. 10 and Table 1, the perfor-

mance of the ODVF method, when it is allowed a number

of iterations, is comparable to that of CLVM. Most sig-

nificantly, the ODVF method gives a significant reduction

in computation time compared to the CLVM method as

illustrated in Tables 2 and 3. These times are calculated

using quadprog in Matlab using a Dell computer on Win7

64bits operation system (RAM: 6GB, CPU: In-

ter(R) Core(TM) i7-2600, 3.4GHz). Thus it is easy to ob-

serve the significant advantages of applying the ODVF

method versus the CLVM method from the perspective of

computation times.

The performance of the ODVF method was also

evaluated from the perspective of the mean square error

(MSE) between the iterative load profile and the optimal

aggregated load profile using the CLVM method. This

showed that ODVF is able to converge to within 90% of

the CLVM optimum in less than 6 iterations.

Fig. 8 Diagram of the TOU electricity price

Table 1 A comparison of simulation results for various EV charging strategies (50% EV penetration)

Strategies Ave costs

(cents/kWh)

Ave rate

(kW)

Min volt

(p.u.)

Max TR

loading (%)

Overload

duration (h)

Ave

time (h)

Std

time

(h)

Min

time (h)

Max

time (h)

Overall

assessment

No EV n/a n/a 0.954 112.93 2.25 n/a n/a n/a n/a n/a

Uncontrolled 22.32 3.70 0.915 177.68 14.83 2.80 0.38 1.83 3.83 Bad

AIMD 13.36 1.38 0.940 122.49 9.33 7.53 0.88 5.42 9.17 Bad

AIMD(P) 11.21 1.25 0.941 113.92 6.58 8.34 1.05 5.92 10.08 Bad

EnAIMD 12.74 1.36 0.953 112.93 2.75 7.89 1.63 4.58 10.83 Good

EnAIMD(P) 11.18 1.23 0.950 112.93 2.25 8.56 1.29 5.83 11.00 Good

DPF 13.93 1.36 0.946 122.17 9.33 7.86 1.84 4.42 11.42 Bad

DPF(P) 11.30 1.22 0.947 113.91 5.83 8.71 1.81 5.00 12.33 Bad

EnDPF 13.63 1.35 0.953 112.93 5.17 8.00 2.42 3.92 14.50 Good

EnDPF(P) 11.22 1.16 0.954 112.93 2.33 9.19 2.02 5.83 14.58 Good

ICIC 13.84 1.41 0.951 124.47 9.92 7.41 1.11 4.67 9.25 Ugly

ICIC(P) 11.20 1.27 0.945 116.01 5.75 8.24 1.10 5.67 10.08 Ugly

ODVF 10.46 1.36 0.958 112.93 2.25 7.31 0.74 5.92 8.58 Good

CLVM 10.46 1.36 0.958 112.93 2.25 7.31 0.74 5.92 8.58 Ugly

DSC 10.00 1.13 0.954 112.93 2.61 8.88 0.26 7.92 9.00 Ugly

CCCM 10.00 1.11 0.954 112.93 2.25 8.89 0.27 7.92 9.00 Ugly
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5 Discussion

In general, uncontrolled charging provides the best

performance in terms of its objective, i.e., minimising

customer charging times. Similarly, by applying the basic

AIMD and DPF based charging strategies, charging fair-

ness can be achieved for each customer under appropriate

assumptions, while the basic DPF method can adjust this

fairness according to the WTP specified by individual

customers.

However, typically these approaches violate grid con-

straints, as can be seen in Table 1 and Figs. 2 and 3. The

addition of constraints allows the respective charging goals

to be met while respecting grid constraints, as shown in

Table 1 and Figs. 4, 5 and 6. While centralised algorithms

achieve the best performance in terms of their stated goals,

including satisfying power system constraints, they require

global information and also do not scale well, as mentioned

previously. For example, here, the CLVM method has the

longest simulation times. Decentralised algorithms, like the

ODVF algorithm, approach the performance of centralised

algorithms and are scalable. However, there is a large com-

munication overhead associated with such algorithms.

Therefore, the modified AIMD and DPF algorithms show

much promise. These algorithms provide a trade-off between

a small communication overhead and almost optimal per-

formance in terms of their grid objectives, and can be coor-

dinated to approximately achieve some temporal objectives

without the necessity of accurate load prediction, i.e. by

applying a price-adjusted available power heuristic.

6 Conclusions

A mathematical framework for formulating EV charging

problems has been presented that incorporates both power

system and charging infrastructure constraints and caters

for both instantaneous and temporal optimisation objec-

tives. Within this framework, several charging strategies

were evaluated. These algorithms were tested on a power

system distribution level testbed using a hybrid Matlab/

OpenDSS platform, and using realistic demand and

charging profiles. Of the algorithms considered, it was

found that those algorithms that ignored system constraints

typically violated them for large EV penetrations (BAD).

Of the algorithms that considered power system con-

straints, the modified AIMD and DPF algorithms provided

the best trade off in terms of achieving almost optimal

performance in terms of their grid objectives while satis-

fying constraints and maintaining a small communication

overhead (GOOD) in comparison to the other communi-

cation based optimal algorithms considered (UGLY).
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Fig. 9 Comparison of the EV load when using CCCM and DSC with

the price adjusted available power modification
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Fig. 10 Comparison of the optimal aggregated load profile obtained

using CLVM and the iterative ODVF methods

Table 2 ODVF computation time for different iteration counts (50%

EV penetration)

ODVF Time (s)

5 6.08

10 11.41

15 16.96

20 22.79

Table 3 CLVM computation times with different levels of EV

penetration

CLVM (%) Time (s)

10 20.87

20 104.72

30 236.02

40 789.23

50 2105.78
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