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Abstract: In this paper, the charging loads of electric vehicles were controlled to avoid their impact
on distribution networks. A centralized control algorithm was developed using unbalanced optimal
power flow calculations with a time resolution of one minute. The charging loads were optimally
reallocated using a central controller based on non-linear programming. Electric vehicles were
recharged using the proposed control algorithm considering the network constraints of voltage
magnitudes, voltage unbalances, and limitations of the network components (transformers and
cables). Simulation results showed that network components at the medium voltage level can tolerate
high uptakes of uncontrolled recharged electric vehicles. However, at the low voltage level, network
components exceeded their limits with these high uptakes of uncontrolled charging loads. Using the
proposed centralized control algorithm, these high uptakes of electric vehicles were accommodated
in the network under study without the need of upgrading the network components.
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1. Introduction

Electric vehicles (EVs) have an important role to play in supporting the UK target of an 80%
reduction in CO2 emissions by 2050s relative to CO2 emissions in 1990s [1,2]. The UK short-term goal is
to cut emissions by a third by 2020 [1,2]. The current emphasis of the UK government on greening the
private and commercial vehicles can help in decarbonizing a substantial part of the transport sector [1,2].

Many studies investigated the impact of EV uptake on distribution networks depending on the
technical characteristics of the considered EVs and networks. Both temporal and spatial characteristics
of (un)controlled EV charging loads have been studied in the literature [3,4] considering different types
of distribution networks. A stochastic method has been used to study the impact of EV charging loads
on UK distribution networks using real datasets acquired from smart meters of real trials [5]. It was
suggested that the uncertainties of EV charging loads can be reduced with a cooperative framework
between aggregators and distribution network operators (DNOs) [5]. The maximum uptakes of EVs
have been calculated based on the transformer capacity at neighborhood levels [6]. A simple optimal
charging strategy was proposed to efficiently integrate these EVs into the modeled network [6].

Previous studies concluded that, with high uptakes of EVs, existing distribution networks will
frequently exceed their limits [7–9]. The thermal ageing of distribution transformers can significantly
deteriorate with high levels of EV charging loads [8]. Results have shown that a 50% uptake of EVs
can significantly affect the loss-of-life of distribution transformers [9]. Reinforcement can be used to
strengthen the existing networks; however, a widespread adoption of infrastructure upgrades would
be very expensive. For example, it has been concluded that the required grid reinforcement may
reach up to 15% of the grid cost from a case without EV integrations [10]. Alternatively, smartening
the distribution networks have the potential to develop an efficient use of the network components.
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Responsive loads such as EVs can be used to achieve an optimal energy matching by reshaping the
energy demand. Optimal rescheduling strategies of EV (dis)charging loads have been presented
with and without renewable energy resources, considering different constraints [11–14]. Smartening
the networks can be implemented using multi-agent systems, adaptive controllers, (de)centralized
managements, or coordinated schedules [15–19].

EV charging loads have been coordinated using agent-based strategies to mitigate their effects
on distribution networks [15,20–22]. In one study [15], a multi-agent system was experimentally
implemented for smart charging of EVs. The agent-based controller was developed using search
methods based on neural networks. EV charging loads were designed to follow the low electricity
price while maintaining grid constraints. In another study [16], an adaptive controller was proposed to
coordinate EV charging schedules. The on-line adaptive controller was used to reduce the EV impact on
distribution networks, considering EV charging costs, EV owner preferences, voltage magnitudes, and
voltage unbalances. A direct current (DC) power flow was used in the optimization process, whereas an
alternating current (AC) power flow has been performed to validate the results. In yet another study [17],
load management based on a real-time control method was developed to coordinate EV charging loads
within a five-minute time resolution. The cost of energy generation was minimized to achieve the
coordination of EV charging loads considering energy losses, voltage fluctuations, and overloads.

This cost of energy was further reduced by finding a better local solution using fuzzy theory [18].
An on-line fuzzy coordination algorithm was used for EV charging loads in a smart network with
distributed wind generators. The proposed control algorithm reduced the total cost of energy
generation based on dynamic energy prices, including power losses. EV users were prioritized
according to their preferred charging time periods. It was ensured that voltage profiles cannot exceed
their limits when EVs were charged using the on-line fuzzy coordination algorithm [18].

In one study [19], EV charging loads were formulated considering the present and the expected
constraints of a real network. A linear model was developed based on the dynamic nature of
EV charging loads along with their arrival and departure times. Meanwhile, phase unbalances,
voltage magnitudes and limitations of the distribution cables and transformers were considered in
the proposed charging method [19]. Numerical optimization techniques have been reviewed for
optimal scheduling of EV charging loads, discussing dynamic programming, linear programming,
and non-linear programming [23,24]. Meta-heuristic methods have also been presented to illustrate
multi-objective scheduling problems with probabilistic charging and discharging of EVs [23,24].

In this paper, the proposed control algorithm reallocates EV charging loads in advance based
on the short-term load forecasting. It is assumed that the proposed control algorithm receives the
short-term load forecasting from DNOs. However, the performance of the proposed control algorithm
is tested with the real daily profiles of EV charging loads acquired from the smart meters during trials
of the Customer-Led Network Revolution (CLNR) project. These profiles were used to synthesize
stochastic charging durations for each EV with one-minute time resolution considering unbalanced EV
charging loads across the three phases. Therefore, the proposed control algorithm can be used in the
real-time monitoring applications of smart grids [25]. Distribution networks will evolve into smart
grids using two-way communication technologies with smart meters and measuring sensors [26,27].
The results of the proposed methodology can be interpreted into lookup tables to assist DNOs in
creating introductory assessments of the hosting capacity of their existing network components, as
illustrated in another paper [28].

The main contributions of this paper are outlined as follows. It develops the centralized
control algorithm to reallocate EV charging loads with one-minute time resolution considering the
predefined constraints. This algorithm can be easily integrated into existing power system control
paradigms. It implements non-iterative unbalanced optimal power flow calculations for the centralized
control algorithm.

The rest of this paper is structured as follows. The centralized control algorithm is described in
Section 2. A non-iterative unbalanced power flow solver is implemented in Section 3. The studied
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network is described in Section 4 along with profiles of the synthesized EV charging loads and
residential loads. Results and conclusions are discussed in Sections 5 and 6 respectively.

2. The Control Algorithm

2.1. Objective Function

One contribution of this work is related to the reallocation of EV charging time periods to avoid
violating network limits using non-linear programming algorithms. The aggregated EV charging
power was maximized across the three phases using Equation (1), considering the dynamic model of
aggregated residential loads in every minute.

Maximize F “
1440
ÿ

t“0

˜

ÿ

“

F ptqa,b,c
‰

3ˆ1 `

N
ÿ

l“1

p ptqa,b,cCust.nl

¸

@ N P Z` (1)

here
ÿ

“

F ptqa,b,c
‰

3ˆ1 “

˜

M
ÿ

k“1

P ptqaEVk
`

M
ÿ

k“1

P ptqbEVk
`

M
ÿ

k“1

P ptqcEVk

¸

@ M P Z` (2)

where F is the objective function representing the aggregated charging power of EV loads in kW
during a day (i.e., 1440 min), t is the current time step, and a, b, c are the three phases of the considered
system.

“

F ptqa,b,c
‰

3ˆ1 represents the requested EV charging loads across the three phases (i.e., decision
variables). P ptqaEV , P ptqbEV and P ptqcEV represent the charging power of each EV per minute per
phase in kW. p ptqa,b,cCust.n is the dynamic residential load for each customer per minute across the
three phases in kW. M and N are the total number of EVs and customers, respectively. Z` is the real
integer positive number.

The hosting capacity of the network components is calculated with F in every minute across the
three phases. Further, this high time resolution means fast-queuing time process in reallocating EV
charging loads. Therefore, the inconveniences of deferred EV users are reduced with this one-minute
time resolution.

The main advantage of the proposed centralized control algorithm is that EV charging loads
are regularly shifted toward new charging time periods. If EV charging loads violate the network
constraints, the centralized control algorithm will evaluate the number of EVs that should be deferred.

The total loading power was determined using Equation (3) for each low voltage (LV)
distribution transformer.

S ptqTr.loading “

Nf
ÿ

j“1

S ptqL @Nf P Z` (3)

where S ptqTr.loading is the apparent power of the distribution transformer in kVA at the time step t, Nf
is the total number of radial feeders that are served by the distribution transformer, and S ptqL is the
aggregated apparent power per LV feeder in kVA at the time step t. The predefined constraints are
assigned as follows:

Vmin ď V ptqa,b,cn ď Vmax (4)

VUF ptqn % ď VUF%max (5)

I ptqa,b,cL ď Ia,b,cLrating (6)

S ptqTr.loading ď STr.rating (7)

where Vmin, Vmax are the lower and the upper limits of steady-state voltages (V ptqa,b,cn) per phase in V,
VUF%max is the maximum percentage of the voltage unbalance factor (VUF ptqn) that can be allowed,
Ia,b,cLrating is the rated current of steady-state currents (I ptqa,b,cL) per phase at the main distribution
lines in Amps, and STr.rating is the rated power of the distribution transformer in kVA.
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2.2. Control Algorithm

Aggregated EV charging loads are considered to be the decision variables. These aggregated EV
charging loads are optimally reallocated across the three phases to maintain the network constraints
within their limits. The flowchart of the proposed control algorithm (see Figure 1) can be illustrated
step by step as follows. Decision variables are evaluated using the generalized reduced gradient “GRG
Nonlinear” solver (Frontline Systems, Incline Village, NV, USA) with Microsoft Excel (Microsoft Office
365, Microsoft Corporation, Reading, UK, 2013). However, this solver is limited in terms of assigning
the number of decision variables and constraints. Therefore, these decision variables are evaluated
with hourly time resolution (i.e., 3 ˆ 24 values) across the three phases during a day. Accordingly, the
evaluated decision variables are interpolated into a lookup table of (3 ˆ 1440 elements) using MATLAB
(R2015a, MathWorks, Cambridge, UK, 2015), as shown in the next step. This lookup table represents the
hosting capacity of the network components (i.e.,

“

F ptqa,b,c
‰

3ˆ 1440) during a day with one-minute time
resolution across the three phases. The fluctuations of unbalanced residential loads and unbalanced
EV charging loads are considered based on real daily load profiles from CLNR trials. The hosting
capacity for each minute (i.e., Optimized

“

F ptqa,b,c
‰

3ˆ1) is then compared to the Requested
“

F ptqa,b,c
‰

3ˆ1,
as shown in Figure 1. The Requested

“

F ptqa,b,c
‰

3ˆ1 is directly calculated in this step using Equation (2)
based on the charging power of each EV per minute per phase (P ptqaEV , P ptqbEV , P ptqcEV).Appl. Sci. 2016, 6, 53  5 of 18 
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If Optimized
“

F ptqa,b,c
‰

3ˆ1 ě Requested
“

F ptqa,b,c
‰

3ˆ 1 is true, all requested EV charging loads can
occur at this minute considering randomized delays (i.e., less than 60 s) among them. Otherwise,
a number of EVs with the amount of power of

´

Requested
“

F ptqa,b,c
‰

3ˆ1 ´Optimized
“

F ptqa,b,c
‰

3ˆ1

¯

will
be reallocated to charge at other time steps, whenever the predefined constraints can be maintained.
Then, EV users can accordingly reschedule their smart charging. If the aggregated EV charging power
is not achieved during that day, the algorithms allow the remaining EVs to complete their charging
demand on the next day depending on Boolean signals from “AND” gate (see Figure 1).

3. Non-iterative Unbalanced Power Flow Calculations

A non-iterative unbalanced power flow solver was developed by the authors to calculate voltage
magnitudes, voltage unbalances, and electric loads of network components. The developed solver
was implemented based on the forward and backward sweep method [29]. The main advantage of the
developed solver is the non-iterative method compared to the forward and backward sweep method,
which is iterative. Unbalanced power flow results were compared using these two methods. Very close
results were observed using both methods with the advantage of significantly reducing the number of
calculation steps.

Phase voltage matrices were represented with complex quantities using Euler’s method.
The unbalanced power flow requires phase impedance matrices between any two adjacent nodes
along radial feeders. Equation (8) represents the phase impendence matrix between adjacent nodes,
including impedances due to self and mutual inductances [29].

“

Za,b,c
‰

3ˆ3 “

»

—

–

Zaa Zab Zac

Zba Zbb Zbc
Zca Zcb Zcc

fi

ffi

fl

(8)

where
“

Za,b,c
‰

3ˆ 3 is the phase impedance matrix of the feeder in Ω. The diagonal elements of this
matrix are the impedances due to the self-inductance (e.g., Zaa). The off diagonal elements are the
impedances due to the mutual-inductance (e.g., Zab). If only positive (Z1) and zero (Z0) sequence
impedances are available, the impedance matrix is approximated as follows [29]:

“

Za,b,c
‰

3ˆ3 “
1
3

»

—

–

p2Z1 ` Z0q pZ0 ´ Z1q pZ0 ´ Z1q

pZ0 ´ Z1q p2Z1 ` Z0q pZ0 ´ Z1q

pZ0 ´ Z1q pZ0 ´ Z1q p2Z1 ` Z0q

fi

ffi

fl

(9)

Then, the phase voltage matrix is calculated using Equation (10).

“

V ptqa,b,cn exp
`

i∅ ptqa,b,cn
˘‰

3ˆ1 “
“

V ptqa,b,c1 exp
`

i∅ ptqa,b,c1
˘‰

3ˆ1 ´
“

Za,b,c
‰

3ˆ3

“

I ptqa,b,cLn exp
`

iθ ptqa,b,cn
˘‰

3ˆ1 (10)

where
“

V ptqa,b,c1 exp
`

i∅ ptqa,b,c1
˘‰

3ˆ 1 is the phase voltage matrix at the swing bus in V,
“

V ptqa,b,cn exp
`

i∅ ptqa,b,cn
˘‰

3ˆ1 is the phase voltage matrix at the adjacent node n in V,
“

I ptqa,b,cLn exp
`

iθ ptqa,b,cn
˘‰

3ˆ1 is the phase current matrix consumed by all groups of customers
at node n in Amps, ∅ ptqa,b,cn is the angle between phase voltage and reference axis at the end node n
in degree, θ ptqa,b,cn is the angle between phase current and reference axis at the specified node n in
degree, and i “

?
´1. The phase current matrix at node n is calculated using the following equation:

“

I ptqa,b,cLn exp
`

iθ ptqa,b,cn
˘‰

3ˆ1 “

»

—

—

—

—

—

—

–

S ptq˚aLn
V ptqan exp pi∅ ptqanq

S ptq˚bLnt
V ptqbn exp pi∅ ptqbnq

S ptq˚cLnt
V ptqcn exp pi∅ ptqcnq

fi

ffi

ffi

ffi

ffi

ffi

ffi

fl

(11)
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where S ptqa,b,cLn is the apparent power of aggregated customers at node n in kVA per phase at the
time step t. ˚ is the conjugated value. Equation (10) is modified into Equation (12) by substituting
Equation (11) in Equation (10) for a unity power factor.

“

V ptqa,b,cn exp
`

i∅ ptqa,b,cn
˘‰

3ˆ1 “
“

V ptqa,b,c1 exp
`

i∅ ptqa,b,c1
˘‰

3ˆ1 ´
“

Za,b,c
‰

3ˆ3

«˜

P ptqa,b,cLn

V ptqa,b,cn

¸

exp
`

i∅ ptqa,b,cn
˘

ff

3ˆ1

(12)

where P ptqa,b,cLn is the aggregated power consumed by all groups of customers at the specified node
n in kW per phase at the time step t. The power term (i.e., P ptqa,b,cLn) in (12) is determined by the
following equations:

P ptqa,b,cLn “ P ptqa,b,cln ` P ptqa,b,cEVsn (13)

where

P ptqa,b,cln “
N
ř

l“1
p ptqa,b,cCust.nl

P ptqa,b,cEVsn “
M
ř

k“1
ya,b,ck ˆ p ptqa,b,cEVnk

@M, NZ` (14)

where p ptqa,b,cCust.n and P ptqa,b,cln are the power consumed by individual and aggregated customers,
respectively, at node n in kW without EV per phase at the time step t, and p ptqa,b,cEVn and P ptqa,b,cEVsnt
are the power consumed by individual and aggregated EV chargers, respectively, at node n in kW per
phase at the time step t.

ya,b,ck “

#

1, f or EV charging states
0, f or EV idle states

(15)

Equation (12) is rewritten considering the aggregated power of EVs and customers from Equation(13)
as shown below:

“

V ptqa,b,cn exp
`

i∅ ptqa,b,cn
˘‰

3ˆ1 “
“

V ptqa,b,c1 exp
`

i∅ ptqa,b,c1
˘‰

3ˆ1 ´
“

B ptqa,b,cn
‰

3ˆ1 (16)

where

“

B ptqa,b,cn
‰

3ˆ1 “
“

Za,b,c
‰

3ˆ3 ˆ

»

—

—

—

–

˜

exp
`

i∅ ptqa,b,cn
˘

V ptqa,b,cn

¸

¨

˚

˚

˚

˝

N
ř

l“1
p ptqa,b,cCust.nl

`

P ptqa,b,cEVsn

˛

‹

‹

‹

‚

fi

ffi

ffi

ffi

fl

3ˆ1

@N P Z` (17)

where
“

B ptqa,b,cn
‰

is the matrix resulted from multiplying (3 ˆ 3) impedance matrix by (3 ˆ 1)
phase current matrix at the time step t. Across all phases, the objective function is derived
from Equations (16) and (17) by discriminating the aggregated charging power of EVs (P ptqa,b,cEVsn)
as follows:

“

F ptqa,b,c
‰

3ˆ1 “
!

“

Za,b,c
‰´1

3ˆ3 ˆ
“

B ptqa,b,cn
‰

3ˆ1 ˆV ptqa,b,cn ˆ exp
`

´i∅ ptqa,b,cn
˘

)

´
N
ř

l“1
p ptqa,b,cCust.nl

@N P Z` (18)

where
“

F ptqa,b,c
‰

3ˆ1 is the aggregated charging power of EVs to be maximized per phase, excluding all
residential loads, and ∆∅ ptqa,b,c are the phase differences between adjacent phase voltages in degree.
By adding residential loads to the both sides of Equation (18), the objective function F across the three
phases during a day with one-minute time resolution was rewritten as follows:

F “
1440
ÿ

t“0

˜

ÿ

“

F ptqa,b,c
‰

3ˆ1 `

N
ÿ

l“1

p ptqa,b,cCust.nl

¸

@N P Z` (19)
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It can be observed that Equations (1) and (19) are identical. The VUF ptqn % is calculated in
percentage using (20) for each time step t.

VUF ptqn “
MAX p|V ptqA ´V ptqan| , |V ptqA ´V ptqbn| , |V ptqA ´V ptqcn|q

V ptqA
ˆ 100% (20)

where V ptqA “
pV ptqan `V ptqbn `V ptqcnq

3
at each time step t.

4. Configurations of the System under Study

4.1. The Network under Study

Figure 2 illustrates the proposed architecture of the centralized controller. An adapted UK generic
distribution network (UKGDN) [30] was used to test the performance of the centralized control
algorithm for the smart charging of EVs.Appl. Sci. 2016, 6, 53  8 of 18 
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Figure 2. The proposed architecture of the centralized controller.

Six radial feeders are emanating from the medium voltage (MV) side of the two parallel on-line
tap changing transformers. The capacity of each transformer is 15 MVA 33/11 kV. The MV feeders
serve 18,432 customers with 3,072 customers for each feeder. Each MV feeder is divided into
8 segments, serving 8 ground-mounted distribution transformer. Each one (i.e., 500 kVA 11 kV/0.4 kV
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ground-mounted distribution transformer) serves 384 customers distributed across 4 LV feeders.
Ninety-six customers were distributed along each LV feeder (See Figure 2). More details about the
original UKGDN can be found in the literature [30].

Metering points were allocated at the emanating point of each LV feeder. These meters are
used to upload readings of measured phase currents using two-way communications (see Figure 2).
When these readings are received by the centralized control algorithm, unbalanced power flow
calculations are performed to reallocate EV charging loads. The unbalanced power flow updates
voltage magnitudes, voltage unbalances and electric loads of network components. If EV users upload
their unscheduled EV charging loads via these two-way communications, EV users can accordingly
reschedule their smart charging based on the charging duration received from the control algorithm.
EV charging loads will be accordingly reallocated using the centralized control algorithm as illustrated
in Section 2.2.

To solve the power flow for the UKGDN (Figure 2) using the developed solver, the following
steps are followed:

‚ Calculation of the total power at node 1 using Equations (13) and (14).
‚ Calculation of the total current at node 1 using Equation (11).
‚ Calculation of the phase voltages at node 2 using Equation (12).
‚ Sequentially repeat the above calculations to determine the phase voltages at nodes 2, 4, 6, 8, 10,

12, 14, and 16.

4.2. Residential Load Model

Loads can be modeled as a constant active/reactive power (PQ), a constant current (I), a constant
impedance (Z) or a combination of PQ, I and Z [29]. In this study, residential loads were modeled as a
dynamic PQ changing their values in every minute. Daily load profiles were created using means and
standard deviations recorded in CLNR project during real trials [31]. Figure 3a shows aggregated daily
load profiles of 384 customers for each distribution transformer with one-minute time resolution. Daily
profiles of the standard deviations and means were selected to represent 18 of January 2014 as reported
in “Peak Demand Day” workbook by CLNR project [31]. Figure 3b shows the minute-by-minute mean
profile (i.e., stochastically created with 3072 customers) compared to the half-hourly mean profile
(i.e., recorded in CLNR project).
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4.3. Electric Vehicle Load Model

EVs were modeled as a dynamic PQ capturing EV charging loads in every minute. Daily profiles
of EV charging loads were synthesized based on real datasets. A real diurnal mean profile was selected
as a reference from the CLNR project “TC6 Dataset” workbook (i.e., the daily mean profile of charging
power for 93 EVs in January 2014) [31]. EV charging profiles were individually generated in MATLAB
using the “randi” function to produce the diversity across EV charging profiles. This function generates
integer random numbers. Matrices of zeros and ones were generated using the “randi” function
(one for charging state and zero for idle state). Departure and arrival times were assigned per EV
based on the National Travel Surveys (NTS) of the UK from the Department for Transport [32] during
working days.

At transformer T8, all residential customers were assumed to have a single phase charger of
3.3 kW per hour at slow charging mode. Therefore, a 100% EV uptake was considered across residential
customers at transformer T8 (see Figure 2). EV load profiles were synthesized as follows:

‚ Generate the requested minutes for charging each EV (less than or equal 480 min a day) using the
“randi” function.

‚ Synthesize the daily load profile of each EV by assigning zero for idle state and one for charging state.
‚ Concatenate minute-by-minute the charging profiles of 384 EVs in one matrix (384ˆ 1440).
‚ Shift charging loads of the produced matrix according to arrival and departure times to match the

pattern of the real daily mean profile from [31].

Figure 4 represents the comparison between the daily mean of the synthesized EV charging loads
and the daily mean of the real EV charging loads. It can be seen that the synthesized daily mean of
384 EVs is greater than the daily mean of 93 EVs obtained from CLNR datasets. However, their daily
patterns are approximately similar. Figure 5 illustrates charging durations of 384 EVs during a day
with one-minute time resolution.
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5. Simulation Results

To monitor the performance of the centralized control algorithm, steady-state profiles of the
UKGDN were calculated with one-minute time resolution for two scenarios:

‚ Scenario I (without smart allocation): 384 EVs at the distribution transformer T8 were charged,
as modeled in Section 4.3.

‚ Scenario II (with smart allocation): 384 EVs at T8 were charged with the centralized control
algorithm. Equations (1)–(3), (12), (16)–(18), and (20) were used to model the considered network
in a spreadsheet using Microsoft Excel. Equations (4)–(7) were used to assign the constraints of the
solver used in Excel. Then, the objective function was solved using “GRG Nonlinear” in a matter
of seconds. Simulation results were performed using an Intel® Core™ i7-4500U CPU, 1.80 GHz,
8.00 GB installed RAM laptop (LenovoTM, Hook, UK), operating with Microsoft Windows 10 Pro
(Microsoft Corporation, Reading, UK, 2015). 64-bit operating system. MATLAB R2015a (R2015a,
MathWorks, Cambridge, UK, 2015) was used to write the code for solving unbalanced power
flow equations. Results were computed and visualized with a single MATLAB-script file in less
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than one minute. The constraints of the studied system were assigned according to the policy
regulation for UK distribution networks as presented in the following subsections.

5.1. Voltage Magnitudes and Voltage Unbalances

Steady-state phase voltages and voltage unbalances was to be maintained within the limits.
The upper and the lower limits of the voltage magnitude were assigned to be 1.06 pu and 0.94 pu,
respectively, for the MV level. Meanwhile, these limits were adjusted to be between 1.1 pu and 0.94 pu,
respectively, for the LV level [30,33]. The base voltage was assumed to be the nominal voltage (230 V).
The VUF ptqn % was not to exceed 1.3% according to the Engineering Recommendations P29 [30].
A very high uptake of uncontrolled EVs was clustered at the transformer T8 as shown in Figure 2
(i.e., node 16 with 384 EVs). However, daily profiles of root mean square (RMS) voltages did not drop
below the limit at the MV level, as shown in Figure 6a for Scenario I. In addition, voltage unbalances
did not exceed the limit, as presented in Figure 6b. On the other hand, voltage magnitudes and voltage
unbalances did exceed the limits at the LV side, as shown in Figure 7a,b, respectively. These undesired
effects of EV charging loads were mitigated using the centralized control algorithm as demonstrated
in Figure 8a,b, respectively.
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5.2. Limitations of Network Components

Daily profiles of phase currents were not to exceed the rated current of the distribution lines.
Additionally, the distribution transformer was not to be overloaded beyond the rated apparent power.
Base values were assigned according to the rated power of LV network components. These components
were: 500 kVA distribution transformer and 185 mm2 underground cable [34]. Therefore, the limits
of network components were I ptqa,b,cL ď 1 pu and S ptqTr.loading ď 1 pu for the underground cable
and distribution transformer, respectively. Figure 9 presents the daily profiles of the loading power
at the main substations (i.e., the 15 MVA transformers) for the two scenarios. The considered EV
charging loads had a small effect on the capacity of the MV transformers. However, these EV charging
loads at the peak periods were reallocated at the suitable periods (Scenario II), as shown in Figure 9.
In addition, Figure 9 shows how the fast-queuing time process can lead to the consistent reallocation
of EV charging loads. Distribution transformer T8 and distribution line were significantly overloaded
with uncoordinated EV charging loads (Scenario I), as depicted in Figure 10a,b. By the use of the
centralized control algorithm, loading power of the underground cable and distribution transformer
was maintained within the desired limits as shown in Figure 11a,b, respectively.Appl. Sci. 2016, 6, 53  15 of 18 
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Figure 10. Scenario I UKGDN daily profiles (a) phase currents of the underground cable between
nodes 17 and 18; (b) loading power of the transformer T8.
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6. Conclusions

EV charging loads were coordinated via the proposed centralized control algorithm using
unbalanced optimal power flow calculations. The non-iterative unbalanced power flow calculations
were implemented to formulate the objective function. EV charging loads were reallocated according to
the maximized charging power of EVs, while maintaining voltage magnitudes and voltage unbalances
within their limits as well as avoiding overloading the distribution transformer and cable. Daily profiles
of EV charging loads were modeled based on real datasets acquired from trials at the real project.
Two scenarios were investigated to monitor the performance of the centralized control algorithm
with uncontrolled and controlled EV charging loads. The results showed that network components
at the MV level can cope with uncoordinated EV charging loads. However, high EV uptakes of
uncoordinated charging loads can lead to the following issues at the LV level:

‚ Deviating from the normal value of voltage magnitude and voltage unbalance.
‚ Overloading the main distribution line and the distribution transformer.

These issues were mitigated by reallocating the EV charging loads via the centralized control
algorithm with the non-linear programming (see Scenario II).

This control algorithm can be implemented to control other smart appliances. The centralized
control algorithm may be adopted by distribution network operators to defer upgrading needs for
network infrastructure (underground cables and distribution transformers) as can be easily integrated
into existing power system control paradigms.
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