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Multi-agent charging of electric vehicles respecting
distribution transformer loading and voltage limits

Sam Weckx, Student Member, IEEE, Reinhilde D’Hulst, Bert Claessens, Johan Driesen, Member, IEEE

Abstract—In this work a market based multi-agent control
mechanism, that incorporates distribution transformer and volt-
age constraints for the charging of a fleet of EVs, is presented. The
algorithm solves a utility maximization problem in a distributed
way, assigning most charging power to the EVs with the highest
need for energy. The algorithm does not rely on an iterative
exchange of messages, but finds the optimal solution after the
exchange of just one single message. A substation agent is
responsible for guaranteeing a safe network operation. It uses
the remaining capacity of each of the EV chargers for reactive
voltage control. The performance of the algorithm is evaluated
on an existing three-phase four-wire distribution grid. Simulation
results show that the fleet of EVs can be charged at a minimal
increase of costs, without jeopardizing the network.

Index Terms—Distributed optimization, distribution network,
electric vehicle, multi-agent system, power curtailment, reactive
power control, voltage control

I. INTRODUCTION

THE number of electric vehicles (EVs) is expected to rise
significantly in the future. A high penetration of EVs

forms both a threat and an opportunity for the operation of
the electricity network. EVs have high energy requirements
and therefore are a considerable extra load for the distribution
network. This can result in severe voltage drops or overloading
of the distribution transformer. On the other hand, EVs are
parked longer than required to charge completely, resulting in
a significant amount of flexible consumption if the charging
power of EVs can be controlled. Therefore EVs are interesting
for the application of Demand Side Management (DSM) where
the charging of EVs is shifted to reduce generation costs.

In case of a high excess of wind energy or the availability
of cheap electricity all available EVs will preferably charge at
maximum power. This might overload the low voltage network
distribution transformer or make it difficult to comply with
national standards for keeping the voltage within acceptable
limits. The preferable implementation of DSM is able to
combine both objectives by reducing generation costs, without
jeopardizing the grid. In case the charging commands by
an EV aggregator result in local grid problems, the system
operators should have the option to intervene in demand
response signals to ensure security of supply and quality of
service.

As DSM will eventually involve millions of customers,
centralized control will not be manageable because limits of
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computational complexity and communication overhead will
be reached [1]. Different authors therefore propose multi-agent
systems to obtain a scalable system. Algorithms based on
dual decomposition and the alternating direction of multipliers
(ADMM) are characterised by the iterative exchange of signals
to obtain the optimal charging pattern for all EVs. These
typically do not take network constraints into account [2]–[4].
In [5] ADMM is applied for the control of loads to minimize
the losses in unbalanced distribution grids while taking into
account network constraints. The total EV owners convenience
is maximized for a single period without violating branch
constraints by means of ADMM in [6]. The required iterative
form of communication in these control algorithms might
hinder a practical implementation and therefore is avoided in
this work.

Many other multi-agent systems were proposed to coordi-
nate the charging of EVs in a scalable way. In [7] a multi-
agent system is applied to maximize the load factor by the
iterative exchange of price signals. Reducing peak demand
is also obtained with decentralized control in [8]. A multi-
agent based Virtual Power Plant consisting of domestic devices
was created in [9] to compensate imbalance caused by wind
energy. The extra voltage drop caused by the charging of EVs,
which is one of the main concerns of the Distribution System
Operator (DSO), is however not taken into account in these
control systems. [10] takes into account voltage constraints,
but requires an exhaustive search to find the combination of
schedules that minimizes the cost of charging the EVs.

In this paper an existing scalable market control system for
DSM [11]–[15] of EVs is analysed and extended. Many exten-
sions to this control heuristic have already been developed [1],
[16], [17], and practical test sites exists where the market based
control is tested [17]. Our first contribution to this control
framework is a mathematical proof that shows that this control
heuristic is in fact a method to solve a distributed utility
maximization problem. The underlying problem is identical
to the one of [2], [18], but the solution method does not
result on an iterative form of communication. Secondly local
distribution network constraints in unbalanced three-phase
four-wire radial grids are added to this framework. Only those
agents that are responsible for LV networks with network
problems need to be updated. Both transformer overloading
and voltage problems can be avoided. Finally reactive power
is added as a control variable. It is shown that special care is
required for reactive voltage control in three-phase four-wire
unbalanced radial distribution networks.

This paper is structured as follows: In Section II, the mar-
ket based multi-agent control framework is introduced. This
framework is proven to be a distributed implementation of a
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utility maximization problem in section III. In the second part
of this section the distributed utility maximization problem is
extended with some network constraints and reactive voltage
control in unbalanced networks is discussed. In Section IV the
framework is compared to other algorithms to solve the utility
maximization problem in a distributed way. The test system
is described in Section V. Finally Section VI discusses the
obtained results.

II. MARKET BASED MULTI-AGENT CONTROL

The proposed multi-agent control is based on [11]–[15].
This control heuristic is based on a tree structure of three types
of agents: device agents, substation agents and an auctioneer
agent. All controllable consumer devices are equipped with a
device agent. In a first step each device agent defines a bid
function where the customer assigns the price, which is limited
by the interval [0, 1], to have a certain power consumption
level.

In a second step the device agents discretize the bid function
and send it to a substation agent. This substation agent
sums up the bid functions of all the underlying devices in
a low voltage network. The substation agents in turn send the
bid function to a unique auctioneer agent. This significantly
reduces the amount of communication required and makes
the system scalable. Finally the auctioneer agent will define
the equilibrium price as the intersection of the aggregated bid
functions and the supply bid function. The supply bid function
represents the prices that the producer or balancing party will
accept for different generation levels. When the equilibrium
price is defined, this value is sent back to all the device agents
that will select their corresponding power level. Fig. 1 presents
this information hierarchy.

In this paper extra intelligence is added to the substation
agent. The substation agent will only add up powers for a
certain possible equilibrium price if these will not result in
violation of the transformer or voltage limits. Moreover, it
will apply the offered flexibility to avoid voltage problems. In
this work the focus is on EVs, however the framework can be
extended to other types of devices.

In [1], [16], [19], [20] an extension is made to the auctioneer
agent to include planning in the framework. Based on this
planning, the auctioneer is able to define the supply bid
function for the real-time control. In this work the method of
[1], [16] is applied, with the purpose of minimizing the total
charging cost given a known day-ahead price. The charging
should not lead to problems in the low voltage network. Other
objective functions can be applied. More details about the
applied approach can be found in [1], [16].

III. AN OPTIMIZATION PERSPECTIVE ON MARKET BASED
CONTROL

In this section it will be proven that the heuristic described
in section II can be interpreted as a utility maximization
problem. This utility maximization problem can be extended
with distribution network constraints and be solved in a
distributed way.
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Fig. 1: Market based control of an electric network

A. Utility function of an EV

Depending on their state, energy may be worth a different
value for each device. This is generally expressed by a utility
function, a concept applied in microeconomics. In this paper
is assumed that utility functions are decomposable in time.
Popular decomposable utility functions U(Pi) are the linear
and quadratic utility function [18], where Pi is the power
consumption level for a specific time and U(Pi) is the utility
function of the EV i. An EV i that consumes Pi kW electricity
at a rate of λ per kWh is charged λPi per hour. Hence, the
welfare of each user is defined as [21]:

W (Pi) = U (Pi)− λPi (1)

where W (Pi) is the users welfare function. Given a certain
price λ, the power P ∗

i (λ) that maximizes the welfare of EV
i is therefore defined as:

P ∗
i (λ) = argmax.

Pi

U (Pi)− λPi (2)

The function defined by P ∗
i (λ) is the optimal bid a device

would make to an auction based market. When this bid is
used, each price will result in maximum welfare of the device.
When the utility function is linear or quadratic, and the feasible
sets are intervals, an explicit solution exists for P ∗

i (λ) [22].
The graphs shown at each EV in Fig. 1 are optimal bids that
correspond to a quadratic utility function. A simple way of
calculating a bid function for an EV is by using a corner price
pr [23], [24], which is applied in this work. More on defining
bid functions for EVs can be found in [1], [24]. In the heuristic
described in section II the price λ is not necessarily an actual
price, but can be interpreted as a control signal.

The utility functions are not limited to linear or quadratic
functions, but are assumed to be decomposable in time, non-
decreasing and concave [21]. While the class of utility func-
tions that fulfill these conditions is very large, it is convenient
to have a quadratic utility function and the corresponding
linear bid function [21], [25].
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B. Utility maximization problem

In a utility maximization problem, the sum of all utilities
of the customers, minus the cost C(H) to deliver the total
power H is maximized [21]. This results in the following
minimization problem:

min.
P,H

−
N∑
i=1

U (Pi) + C (H) (3)

subject to
N∑
i=1

Pi = H (4)

The constraint of this optimization problem ensures that the
sum of the individual consumption of all EVs equals the total
consumption of all EVs. The cost function C(H) is assumed
to be convex.

The total power H∗(λ) that maximizes the welfare of the
supplier is defined as:

H∗(λ) = argmax.
H

− C (H) + λH (5)

H∗(λ) equals the supply bid function as presented in section
II.

The dual of problem (3) is defined as:

max.
λ

min.
P,H

−
N∑
i=1

U (Pi) + C (H) + λ

(
N∑
i=1

Pi −H

)
(6)

where λ is the Lagrange multiplier of the constraint (4). It will
be shown in this section that the Lagrange multiplier equals
the price charged to the customers in (1), (2). Therefore the
same symbol is applied.

The Lagrangian dual function is decomposable in P and
H and can be solved in a distributed way. The auction
based heuristic is a distributed algorithm that solves the dual
problem. If strong duality holds then the solution of the dual
problem (6) equals the solution of the primal problem (3). It is
supposed that there is a feasible solution and therefore Slaters
condition holds [26]. This ensures a zero duality gap, and that
optimal Lagrange multipliers exist.

The dual function can first be decomposed into subproblems
that can be solved by each LV substation. It is assumed that
there are K substations. A substation agent is responsible for
a subset of all the EVs, described by the set nk. Each EV is
part of one subset and the union of all subsets covers all EVs
N . The subproblem of a LV substation k in control of the
subset of EVs nk is:

min.
P

−
∑
i∈nk

U (Pi) + λ
∑
i∈nk

Pi (7)

In the auction based heuristic a bid P ∗
i (λ) of a device i

corresponds to the solution of a subproblem of the dual
function, as can be recognised in (2). The task of the substation
agent is to add all the bids up to obtain

∑
i∈nk

P ∗
i (λ), which is

the solution of subproblem (7) for each possible λ. Afterwards
each substation agent sends the total consumption of their
cluster for each possible equilibrium price to the auctioneer
agent. The auctioneer adds up all these aggregated bids to

obtain
N∑
i=1

P ∗
i (λ) and compares it to the power that the energy

provider will produce given a certain price H∗(λ) [21].

The market is cleared when the aggregated bids
N∑
i=1

P ∗
i (λ)

equal H∗(λ). It can be shown that
N∑
i=1

P ∗
i (λ)−H∗(λ) equals

the subgradient of the dual problem [21], [27]. Therefore

making the aggregated bids
N∑
i=1

P ∗
i equal to H∗ comes down

to solving the dual problem (6). The Lagrange multiplier λ of
the dual problem is the equilibrium price, which is sent to the
substation and EV agents.

C. Utility maximization problem with transformer and voltage
constraints

The purpose of this paper is to include transformer and
voltage limitations in the scalable heuristic. These network
constraints can be included in the utility maximization for-
mulation. Different constraints need to be added to the sub-
problem (7) of each LV substation. First of all transformer
overloading in a LV substation k has to be avoided. Therefore
a constraint on the maximal apparent power is introduced:(

PL
k +

∑
i∈nk

Pi

)2

+

(
QL

k +
∑
i∈nk

Qi

)2

≤ (Smax
k )

2 (8)

where PL
k and QL

k are the uncontrollable active and reactive
load flowing in the transformer of substation k during the
previous time step. PL

k and QL
k can be obtained from a

measurement of the total load flowing in the transformer, of
which the load of the nk EVs is subtracted. The substation
agents know the charging powers of all EVs during the
previous time step. During the next time step, the sum of the
uncontrollable load and the assigned charging power of the
EVs may not trespass the maximal allowed apparent power
Smax
k .
As the uncontrollable load might change slightly during the

next time step and system losses will increase for high loads,
it is recommended to include a small conservative margin on
the maximal allowed apparent power Smax

k . In a three-phase
system, constraint (8) has to be formed for each separate phase.

A second issue that has to be taken into account is the
significant voltage drop caused by the charging of EVs in LV
networks. The influence of EVs on the voltage magnitude can
be approximated with a linear model [28]–[31], resulting in
an affine constraint. The voltage at a node i connected to a
substation k can be approximated as:

|Vi| ≈ |V base
i |+

∑
m∈nk

(
μP
i,mPm + μQ

i,mQm

)
(9)

where
• μP

i,m is the sensitivity of the voltage magnitude in node
i by active power injected at node m;

• μQ
i,m is the sensitivity of the voltage magnitude in node

i by reactive power injected at node m ;



4

• V base
i is the voltage at node i due to the base load of the

households;
• Vi is the expected voltage at node i with EVs charging;

All the voltages should be limited between a minimum and
maximum voltage:

V min ≤ |Vi| ≤ V max (10)

where V min and V max are the minimum and maximum allowed
voltage. Typically, the voltages of a limited amount of control
points at the end of the feeders have to be considered, as these
are subject to the largest voltage deviations. It is assumed
that these voltages are measured and communicated to the
substation agent. The substation agent knows at what rate
the EVs were charging during the previous control time step.
With the voltage sensitivity factors the substation agent can
calculate the effect these EVs had on the voltage during that
measurement, to obtain the voltage caused only by the base
load V base

i . This voltage by the base load V base
i can then be

used to plan the consumption of the EVs during the next time
step of the control framework.

In real-life conditions the base load will vary during the next
time step of the control framework. Therefore the obtained
V base
i is only an estimate of the voltage that will occur during

the next time step by the base load only. This could result
in small violations of constraint (10). Besides that there will
be linearisation errors by the linear model. Therefore a small
extra conservative margin is introduced in the limits of (10).
In this work V min and V max will be chosen to be ± 9% of
the nominal voltage, whereas the actual limits equal ± 10%
of the nominal voltage.

An important advantage of the application of the linear
voltage model is that the substation agent does not need
to know the actual inelastic base load of the households to
approximate the voltage caused by the base load only. The
inelastic load profiles might contain privacy sensitive infor-
mation. Another reason for the application of the linear model
is that the constraints remain a convex set. This will reduce
the computation time. The sensitivity factors can be based
on off-line calculations that are seldom updated depending on
the network operation, e.g., heavy or light loading conditions
[32]. Another advantage is that these sensitivity factors can
be approximated based on historic smart meter data, without
having information about the exact grid topology [33].

For a single-phase line with mainly resistive line impedance,
reactive power has a limited effect on the voltage [34], [35].
However special care is required in three-phase four-wire
distribution grids. The connection of single-phase loads and
EVs to three-phase four-wire LV networks will not only alter
the voltage profile in the connected phase, but also the two
other phase voltages due to a neutral point shift [36]. I.e.
in grids with mainly resistive line impedance, reactive power
absorption in phase U will reduce the phase voltage of phase
U, while it significantly increases the phase voltage of phase
W and decreases the phase voltage of phase V. The neutral-
point shift origins from the return current through the neutral
conductor. This effect is exploited by the substation agent, as
will be shown in section VI.

The remaining capacity of the EV charger can be applied for
reactive voltage support in the network by the substation agent.
When reactive voltage control is applied, customer utility can
be increased for low equilibrium prices, as the reactive power
injection partly compensates the voltage drop caused by the
increased load. The EV charger complex output power is
limited by:

(Pi)
2
+ (Qi)

2 ≤ (SNom
i

)2
(11)

Where
• Qi is the reactive power by the EV charger connected to

node i;
• SNom

i is the nominal apparent power of the EV charger
connected to node i;

To add this constraint to the subproblem of the substation agent
it is assumed that besides the bid function the EV also sends
|SNom

i | to the substation agent. If this is not communicated,
the substation agent can replace |SNom

i | with Pmax
i , which the

substation agent can extract from the received bid function. A
constraint on the power factor can be set by a linear constraint:

Qi ≤ γPi (12)

where γ is a constant defining the allowable ratio between
reactive and active power. In this work the constraint on the
power factor is omitted and it is assumed that the full nominal
apparent power can be used for reactive power control if
necessary. When reactive power is used, it is advised to add a
small quadratic penalty term for reactive power to the objective
function of the utility maximization problem, to avoid the use
of reactive power when no voltage problems occur.

The utility maximization problem with transformer and
voltage constraints becomes:

min.
P,Q,H

−
N∑
i=1

U (Pi) + C (H)

subject to
N∑
i=1

Pi = H

(8− 10) ∀ k = 1...K

(11− 12) ∀ i = 1...N

(13)

Constraints (8-10) have to hold for each of the K LV
substations, making scalability even more important. Con-
straints (11-12) are only added when the substation agent
also applies reactive power for grid voltage control. These
constraints are specific for each EV, and therefore need to be
handled in a scalable way. For the ease of simplicity the small
quadratic penalty term for reactive power is not presented in
the objective function of (13).

By relaxing the first constraint of (13), the following dual
formulation is obtained:

max.
λ

min.
P,Q,H

−
N∑
i=1

U (Pi) + C (H) + λ

(
N∑
i=1

Pi −H

)

subject to(8− 10)

(11− 12)
(14)
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The Lagrangian dual function is decomposable in P and H
and can be solved in a distributed way. There will be a
substation agent at each LV substation of the grid. Each of
the substation agents will solve a subproblem of (14). The
subproblem of a substation agent located at a LV substation k
equals:

min.
P,Q

−
∑
i∈nk

U (Pi) + λ
∑
i∈nk

Pi

subject to (8− 10)

(11− 12)

(15)

Compared to the subproblem of (7), transformer and voltage
constraints have been added. The substation agent receives the
utility function of all EVs of its cluster and solves optimization
problem (15) for each possible equilibrium price λ. In a prac-
tical implementation, possible equilibrium prices are limited
between 0 and 1. This interval is divided into 100 possible
equilibrium prices (�λ = 0.01). Optimization problem (15)
will be solved for each of these 100 possible prices at the
substation level. Gurobi is applied to solve this optimization
problem [37]. The solution

∑
i∈nk

P ∗
i (λ) of subproblem (15) is

sent to the auctioneer agent who can clear the market after
adding up all of the solutions of the K substation agents.

It can again be shown that
N∑
i=1

P ∗
i (λ) − H∗(λ) equals the

subgradient of the dual problem [27] and that making the

aggregated bids
N∑
i=1

P ∗
i equal to H∗ comes down to solving

the dual problem (14). Note that this solution complies with all
network limitations in the LV substations for each equilibrium
price. The outcome of the market clearing by the auctioneer
agent results in an equilibrium price λ∗, which is sent to the
substation agents. The substation agents can then send the
active and reactive power setpoint to each EV.

One could argue that solving optimization problem (15) for
each possible equilibrium price is very time consuming. How-
ever optimization problem (15) is convex and can therefore be
solved very efficiently for each possible equilibrium price. The
different optimization problems can easily be parallellized. To
further reduce the amount of computations, it can first be
checked for which prices the network constraints (8-10) will
be violated. Only for those prices optimization problem (15)
will have to be solved, whereas for the prices without network
problems it suffices to just add the different bids as done to
solve the problem without network constraints (7). The prices
that cause network constraint problems can be found in one
load flow. After this, optimization problem (15) is solved for
all of the problematic prices. Further reductions in computation
time can be obtained by approximating constraint (11) by a
polygon [28].

The total procedure is presented in Fig. 2. After the devices
have sent their utility function, the substation agents can start
maximizing total consumer welfare for all possible equilibrium
prices. They start with an initial small price and keep on
incrementing the possible equilibrium price until the maximum
price is reached. Results for both active and reactive power are
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Fig. 2: Flowchart of the distributed utility maximization that
incorporates network constraints.

stored by the substation agents. When the power consumption
levels are defined for all the possible equilibrium prices, the
aggregated bid function is sent to the auctioneer agent. This
agent can then define the final equilibrium price λ∗. Once this
final price is received by the substations, the substation agents
can look up the power setpoints and send them to all EVs.
For the ease of presentation, the substation agent calculations
are presented as a loop, however the substation agent can also
compute the aggregated bids in parallel.

One of the advantages of the suggested approach is that
neither the device agents nor the auctioneer agents have to
change compared to the existing market based control of
section II. All intelligence is added to the substation agents,
who are the only agents that have to be aware of the grid
conditions. It is possible to equip only those LV networks that
are sensitive to network problems with the substation agent
that takes into account the network limitations or to gradually
introduce the new substation agent in the market based control
of section II.

IV. COMPARISON WITH OTHER DISTRIBUTED UTILITY
MAXIMIZATION ALGORITHMS

Distributed utility maximization algorithms in smart grid
literature are mainly based on dual ascent methods [2], [21],
[22], [38]–[40] to solve the dual problem (14). In a dual ascent
method an iterative exchange of messages is applied to find
the optimal solution of the dual problem. Each iteration the
central agent broadcasts a price. The device agents send back
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their planned consumption for this price. After this iteration,
the price is updated by the central agent and a new iteration
starts. These iterations continue until convergence of the price
takes place.

Both dual ascent methods as well as the proposed heuristic
can be used to solve the exact same problem, but they differ
in their communication and computational requirements. The
proposed method has some advantages and some disadvan-
tages compared to these dual ascent methods.

A. Comparison of communication requirements

The proposed heuristic has mainly communicational bene-
fits compared to the dual ascent methods. First of all it is not
based on an iterative communication procedure in contrast to
dual ascent methods. The device agents only communicate
their utility function to the substation agents once. The utility
functions can be compressed for an efficient communication,
i.e. quadratic utility functions can be represented by three
constants. The substation agents aggregate the bids and deliver
these to the auctioneer agent. When the auctioneer agent has
received all of the aggregated bids, he can immediately define
the Lagrange multiplier of the dual problem (6), resulting in
convergence in a single iteration. Only one price is sent back
by the central agent. In a dual ascent implementation, the
central agent needs to communicate a possible equilibrium
price to all of the device agents every iteration. Therefore
the amount of communication from the central agent to the
device agents is significantly higher. Each iteration, the device
agents need to respond to the higher agents when dual ascent
methods are applied. So the amount of communication from
the device agents to the substation agent can be expected
to be higher. Besides that, iterative algorithms will have a
higher overhead, i.e. a connection needs to be established at
each iteration to send a packet. Moreover, in a realistic com-
munication environment the underlying infrastructure places
constraints on the communication, such as delays or maximum
throughput [16]. The heuristic can also be made event-based
to reduce the amount of communication [16]. Just as in the
dual ascent methods, the utility function of each consumer
remains unknown for the central agent due to the aggregation
of the individual utility functions at substation level, ensuring
privacy.

B. Comparison of computational requirements

A clear disadvantage of the proposed method is that the
substation agent also solves (15) for values of λ that are far
from optimal, whereas dual ascent methods converge towards
the optimal λ. If the optimal λ always evolves smoothly in
time, these less efficient computations can be avoided by only
solving the required problem (15) in the neighbourhood of the
previous optimal λ.

Another disadvantage compared to the dual ascent methods
is the requirement that utility functions have to be decom-
posable in time. The utility functions should reflect who has
the highest need for the available energy at the actual time
step, independent of future information. To counteract this
disadvantage, a planning approach is developed in [1], [16],

[19], [20] to optimize the supply bid function at each time
step.

An advantage of the proposed heuristic is that it can work
with utility functions that are just convex and not necessarily
strict convex. It can even handle binary behaving devices
[20]. The local subproblem of the substation agent (15) then
becomes an integer problem, which can be efficiently solved
locally at the substation agent. Dual ascent methods can not
guarantee convergence for this type of problem [41]. Dual
ascent methods also require special care for a good step-size
selection. Another benefit of the proposed heuristic is that the
local intelligence at device level is minimal. There is no need
to solve an optimization problem at device level, in contrast
to many dual ascent methods. This can reduce hardware and
software requirements at device level.

V. SIMULATED NETWORK

The network used in the simulations is an existing three-
phase four-wire radial distribution system with a TT earthing
arrangement in Belgium. The network consists of 62 customers
and is depicted in Fig. 3. This network is a semi-urban
reference network in the LINEAR project [42].

All main feeder cables are of type EAXVB 1 kV
4×150mm2 except for the cable between the substation and
node 1, which is of type EAXVB 1 kV 4×95mm2. Cable
properties are defined in table I. The impedance values are
calculated according to design specifications in the Belgian
standard for underground distribution cables NBN C33-322
[43] with an assumed operating temperature of 45 ◦C. All
households have a single-phase connection with a nominal
line-to-neutral voltage of 230 V and are equally spread across
the three phases. Statistically representative residential load
profiles are available to perform load flow simulations. A
constant power load model was assumed. Generation of these
load profiles is described in [44]. No data was available on
reactive power consumption by the loads which is therefore
neglected in the simulation.

The time step used in the simulation is one minute. EVs are
connected by single-phase connections to the network with a
maximum capacity of 3.3 kW. Each household is assumed to
possess an EV. The EV charging energy and the arrival and
departure time are modelled based on Flemish data on travel
behavior as described in [45]. It is assumed that they will only
charge at home.

The 10 minutes mean r.m.s. voltage is limited to ± 10% of
the nominal voltage. According to Belgian regulation, the DSO
has to comply with the power quality standard EN-50160. The
voltage control by the substation agent is executed every 15
minutes in this work. Therefore it is possible that due to a
sudden increase of the base load the voltage drops further
below the acceptable limits as set by the standard, and the
substation agent cannot respond fast enough to keep the 10
minutes mean r.m.s. voltages within the required range of ±
10% of the nominal voltage. This is a rare event and the 10
minutes mean r.m.s. voltage remains within the range of ±
10% of the nominal voltage, during more than 95% of the
time as will be shown in section VI.
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Fig. 3: The network used in the simulations. All lengths are drawn to scale.

TABLE I: Properties of the simulated network

Properties Value Unit

Total feeder length 1657 [m]
Impedance of EAXVB 1 kV 4 × 95 mm2 0.352+0.078j [Ω/km]
Impedance of EAXVB 1 kV 4 × 150 mm2 0.227+0.078j [Ω/km]

VI. RESULTS

In a first simulation the focus is on a single time step at 8
pm. The aggregated bid function of only one substation agent
will be investigated, to give a clear presentation of the results.
The different grid conditions that will occur as a function of
each possible equilibrium price are shown in Fig. 4. In Fig. 4a
the aggregated bid function of the substation agent

∑
i∈nk

P ∗
i (λ)

is plotted as a function of the equilibrium price. For equilib-
rium prices close to zero, an extra consumption of more than
160 kW can be activated. However, the distribution grid cannot
host this extra consumption. From a certain equilibrium price,
voltage drops caused by the charging of EVs become severe
as presented in Fig. 4b. It is shown that starting from a price
of λ = 0.25, the voltage in phase V according to the linear
model of (9) is expected to reach the minimum allowed voltage
of 0.91 p.u. To be able to still increase the consumption in
phase V, reactive power will be injected in phase V and U,
and absorbed in phase W as shown in Fig. 4c. Due to the
neutral point shift, reactive power absorption in phase W can
boost the voltage in phase V. For lower equilibrium prices,
the consumption in phase W increases, and the absorption
of reactive power in this phase needs to be reduced. Starting
from a price of λ = 0.05 the aggregated bid function will
be lower than for the case without network control, because
the available reactive power is insufficient to compensate for
the voltage drop caused by the charging of the EVs. In Fig.
4d the loading of each phase of the transformer is depicted.
The transformer capacity is high enough, so no transformer
overloading takes place. The loading with and without the
active and reactive power control is similar.

In a second test case, the same time step is investigated,
but the maximum capacity of the transformer is cut in half
to 125 kVA. Obviously an extra consumption of 160 kW
would damage the transformer. From a certain equilibrium
price the sum of the inelastic load and the extra consumption
by EVs reaches the maximum capacity of the transformer. No
more extra consumption can be activated for lower equilibrium

prices. For this case there is almost no benefit of reactive power
control, as it only causes an extra loading of the distribution
transformer. This is shown in Fig. 5. For equilibrium prices
lower than approximately 0.25, each of the phases would be
loaded with more than the allowed 125/3 kVA. The available
reactive power to solve voltage issues is therefore strictly
limited. The total power consumption of the cluster of loads
is now limited to approximately 100 kW.

In the next simulation a time period of three days is
investigated. A vehicle fleet needs to be charged as cheap as
possible, given the day-ahead price. A day-ahead price of the
Belgian spot market is used. During night electricity prices
are lower, which is therefore the preferred time period for
charging all the EVs. At the time period of the lowest price, all
available cars preferably charge at maximum power. Even with
a low base load, this will result in a severe voltage drop. The
supply bid function in each time step is defined by the method
developed in [1], [16]. Fig. 6 plots the power consumed during
three days and the minimum 10 minute mean r.m.s voltage in
the grid. All voltages are obtained by applying the backward-
forward sweep power flow method [46]. To clearly present
the algorithm, the data of only one substation is plotted. The
high peak due to the simultaneous charging of EVs results in
severe voltage drops. When the substation agent does take
the network constraints into account, the power consumed
during the lowest price period slightly drops, but the voltage
remains within acceptable limits. If the substation agent can
use the remaining capacity of the EV chargers for reactive
power support, more EVs can charge simultaneously before
voltage limits are reached. The reduced maximal charging
power during the lowest price period results in a small price
increase to charge the EV fleet. In comparison to the situation
where network limitations are not taken into account, the total
charging cost increases with 0.4% when active and reactive
power are applied to comply with the network limits and 0.8%
when only active power is used.

The same simulation can be performed for transformers with
a transformer capacity of only 125 kVA. The peaks due to
simultaneous charging of the EVs are now limited, to ensure
that the transformer does not get overloaded as shown in Fig.
7. The transformer loading is plotted instead of the minimum
grid voltage, because it is the transformer capacity that limits
the total consumption by the EVs in the substation. Due to the
strict limitations of the transformer, reactive power control is
rarely used by the substation agent. The maximum transformer
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(b) The expected minimum phase voltages according to the linear
model as a function of the equilibrium price.
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(c) The required reactive power by the EVs as a function of the
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(d) The expected transformer loading as a function of the equilibrium
price.

Fig. 4: Expected grid conditions as a function of the
equilibrium price for a transformer with a capacity of 250

kVA.

loading in each phase is now 125/3 kVA. Load variations
between two market clearings can result in a short violation of
the transformer limits. Due to the lower consumption possible
during the lowest price period, the total charging cost increases
by 6% for both control approaches.

In Fig. 8 one week is simulated and the corresponding
cumulative distribution function of the minimum voltage oc-
curring in the grid is plotted. The voltage clearly complies
with the power quality standard EN-50160.

In a final simulation the computational scalability is investi-
gated. Fig. 9 presents the computation time as a function of the
number of substations. Each of these substations has the topol-
ogy of Fig. 3, with cable lengths that vary 1%. In the multi-
agent algorithm, each substation agent needs to calculate the
aggregated bid function before the auctioneer agent can clear
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model as a function of the equilibrium price.
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(c) The required reactive power by the EVs as a function of the
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(d) The expected transformer loading as a function of the equilibrium
price.

Fig. 5: Expected grid conditions as a function of the
equilibrium price for a transformer with a capacity of 125

kVA.

the market. The slowest of all agents defines the computation
time seen in Fig. 9. The addition of a slower agent therefore
explains the increase in steps of the computation time. The
execution time of a centralized algorithm keeps on increasing
for the number of substations. The simulations were performed
on a workstation using a Intel Xeon (2.4 GHz, 12 MB cache,
4 cores) and 32 GB of RAM. A detailed discussion of the
scalability of the original framework described in Section II
can be found in [1].

VII. CONCLUSION

In this work, a multi-agent market based control is proposed
that takes into account transformer and voltage limitations. The
control framework solves a utility maximization problem with
LV network constraints. With the mutual exchange of only one
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the maximum transformer loading for a transformer with a
reduced transformer capacity of 125 kVA (Down).
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Fig. 9: Execution time for an increasing amount of substations.

message between the different agents, the utility maximization
problem is solved. It is however required that the applied utility
functions are decomposable in time.

Simulations show that with the proposed structure the fleet
of EVs can be charged at minimum costs, without harming the
network and while customer welfare remains maximal at all
times. The remaining capacity of the EVs is used to provide
reactive voltage support. Due to the application of reactive
voltage control, more EVs can simultaneously charge before
the voltage reaches critical limits. Therefore more EVs can
charge at the same time during periods of low energy costs.
Special attention has been given to the neutral point shift
effect when applying reactive voltage control in unbalanced
three-phase four-wire LV grids. Reactive voltage control has
no benefits if the transformer capacity limits the amount of
EVs that can charge simultaneously.

The focus of further and ongoing work is on an event-based
implementation as in [16], rather than having fixed moments
for the communication between the agents. Interaction be-
tween the agents could be made event-driven, like the arrival of
a new EV or the violation of a voltage limit due to a sudden
increase in household loads. This way, the substation agent
could react faster to conditions that might harm the LV grid.
This can have implications on the preferred communication
and metering infrastructure. Besides that, it will be investigated
how to incorporate utility functions that are not decomposable
in time. Finally other business cases could be evaluated, like
absorbing an unexpected excesses of wind power with the EV
fleet.
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