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Abstract

This paper introduces a linear programming (LP)-based optimisation method of charging electric
vehicles (EVs) in a decentralised fashion. It exploits the available photovoltaic (PV) power to charge EV
batteries while maintaining the low-voltage (L'V) network within its operational limits. A new energy-
bound model is implemented in order to meet the connected EVs energy requirements. This model
highlights two main aspects: first, the proposed formulation seeks to compute both the upper and lower
energy boundaries from the arrival energy and no from zero. Second, the charging power is dynamically
adjusted by combining a fixed and variable charging rate to assure the technical limits of the network.
This means maximising power delivered to all EVs for a given period by optimising the charging rate of
each EV connected. Besides, a network sensitivity analysis technique is developed to manage voltage
and loading constraints. The accuracy of the proposed linear approximation was tested simulating two
cases (moderate and high penetration level of PVs and EVs) on a real LV feeder. Results over a set of
simulations for winter and summer seasons demonstrate that this method can be effectively implemented
as a charging strategy and for energy planning studies.

Keywords—Aggregator; Electric vehicle; Linear Programming; Load flow analysis; PV system;
Unbalanced low voltage network

1. Introduction

Modern low voltage networks face a high presence of electric vehicles and renewable energy, motivated
by the increasing concern about air quality and oil dependency. This trend is expected to continue in the
coming years. Despite their clear advantages from the environmental point of view, these technologies
present new challenges for their massive integration in the grid that require to be addressed with new
operation methods. In particular, the charging of EVs needs to be optimised.

Drawbacks of the uncontrolled EVs charging process in LV networks have been widely studied by
several researchers in [1-4]. All these studies conclude that this passive strategy causes significant
voltage drops and overloads on the LV feeders. Moreover, with an increasing level of PV penetration in
the distribution networks, reverse power flow and voltage rise would also be expected [5]. Therefore,
these effects can lead to an expensive investment and time-consuming tasks to reinforce network
capacity. In order to deal with these problems, there would be a need to stimulate the self-consumption
of PV power for charging the EV battery when possible. This means taking advantage of the correlation
between both distributed energy resources, which mainly depends on the driver's mobility uses, the PV



power forecast and the implementation of an effective smart control strategy. For instance, a user with
several daily trips near to its household benefits from almost 70% of PV power generation during the
charging process, whereas a user with a long-range trip would take less advantage of that power
availability [6]. Thereby, this highlights the potential to further redistribute the EV charging process to
better match with PV power generation. Besides, this aspect is also influenced by the weather
conditions, i.e., the EV owners will tend to charge their batteries early on a sunny day, reducing the
electric power demand at peak hours. However, it would be required devise new controlled charging
schemes in a centralised, distributed or decentralised mode, as classified in [7]. Since centralised
methods require full network visibility and handling a significant amount of information to be
transmitted and processed, the decentralised and distributed schemes are more attractive because they
can be gradually implemented and use local communications [2,8].

Hence, in [1,9-12], different researchers have studied the use of network sensitivity coefficients to
approximate the voltage, loading level or both in unbalanced LV networks when adding new loads such
as EVs. These studies have used such coefficients within different optimisation techniques (e.g., linear
[1,9,11], nonlinear [10] and heuristic [12]) to coordinate in a centralised manner the charging process of
EVs. Nonetheless, these studies do not consider the addition of photovoltaic systems to assess in
conjunction with the EVs their impact on the LV network. In [13], the authors employed mixed-integer
linear programming (MILP) to minimise the energy storage systems (ESS) charging power in EV
stations for providing voltage support in unbalanced feeders with PVs. This study only considered the
voltage level as the network constraint, which was assessed just using a set of sensitivity coefficients
that combine load and generation. In [9], the load level increase for both the network's transformer and
lines due to power demanded by the EVs is evaluated based on their sensitivity coefficients expressed in
kVA/kW. This criterion is also used in [11] for assessing the loading level on the distribution transformer.
Likewise, in [1], the load variation on the main cable is evaluated by these sensitivities expressed in
A/kW. However, apparent power and current are complex values whose magnitudes are always positive.
Therefore, the way of expressing these sensitivities is valid only if load addition is considered (i.e., the
EVs). Nonetheless, this is no longer valid if the power flow changes its direction because of excess
intermittent renewable electricity. This means that the reverse power flow in the network cannot be
computed through those magnitudes within the linearization. Hence, by considering PV generation, the
loading sensitivity coefficients for lines and distribution transformers must be calculated in terms of the
active power (kW/kW) to evidence the power flow direction.

On the other hand, [14] proposed an aggregate power- and energy-boundary model for EVs with
vehicle-to-grid (V2G) capacity to provide power reserve services to the grid. The model is included as a
constraint in a day-ahead scheduling problem formulated as a mixed-integer nonlinear programming
(MINLP) model. In [15], a similar energy-bound model for V2G, along with a charging power allocation
algorithm to offer power reserve services are introduced. Here, the upper and lower energy boundaries
of EVs are computed in real-time as a function of the battery voltage, current, charging/discharging rate,
and the state-of-charge (SOC). As this model requires extensive information about the EV, for a large
number of EVs, it will be computationally more intense.

Additionally, other energy models are used only for charging EVs as part of different charging strategies
based on quadratic programming (QP) [16] and LP [16—18] techniques. For example, in [16], the upper



and lower energy limits are obtained by considering the electrical power demand during driving with the
maximum and minimum energy capacity of the battery, respectively. These last two constants are also
used in [14]. Moreover, both authors use of a nonlinear battery model to compute the initial energy of
EVs using an extensive set of parameters. The work described in [17] and [18] use similar equations to
compute the energy boundaries of the EVs. Both define the arrival energy state as zero, which then
increases up to the required energy level of each EV. Besides, these studies, excluding [16], do not
consider any network topology or related technical constraints.

Unlike the literature mentioned above, the proposed energy boundary model here highlights two main
aspects: first, the proposed formulation seeks to compute both the upper and lower energy boundaries
from the arrival energy and no from zero (based on the required energy level). Second, the charging
power is dynamically adjusted by combining a fixed and variable charging rate to assure the technical
limits of the network. Furthermore, this paper proposes a linearization of network constraints throughout
a series of sensitivity coefficients by accounting for the simultaneous effect of PV power and EV
charging on the L'V networks. Hence, this paper focuses on proposing a decentralised charging control
strategy, as classified in [7], based on the energy and power boundaries of EVs and the use of the
available PV power generation. A new formulation of the energy-bound model is introduced considering
the uncertainty behaviour of EVs. This decentralised control is envisaged for a small network zone
where an aggregator or a distribution system operator (DSO) can manage and monitor, through a small
central controller, all the available resources, i.e., EVs and PVs. The proposed methodology is
formulated as a linear programming model due to its capability to find optimal global solutions in an
efficient way. Unbalanced three-phase load flows are used to generate the network sensitivity
coefficients, which are subsequently used in the definition of network constraints (i.e., voltages and
loading level). The final objective is to find in a decentralised fashion the best charging pattern that
meets the energy requirements of every EV connected to the LV network, taking advantage of the PV
power while maintaining the network within its operational limits.

This article is organised as follows: Section 2 explains the uncertainty behaviour for EVs and PVs, the
proposed energy-boundary model and PV system model approximation. Section 3 describes the network
sensitivities and the proposed objective function with its constraints. In Section 4, the case studies are
introduced, and Section 5 discusses the numerical results. Finally, conclusions are presented in Section

6.
2. Distributed Energy Resources Modelling
2.1. Uncertainty characterisation of EVs

It is assumed that the arrival and commuting processes of the EVs are all uncertain. However, these
variables follow known probability distributions and their parameters can be predicted based on
historical records. In this regard, the daily travelled distance d; is evaluated from real data [19] by a
lognormal distribution function with parameters u. and .. Likewise, the truncated normal distribution

¢ is adopted from [20] to represent the arrival time ¢" of each EV as follows:

t;lrr = ¢(NEV | iuarr’o-arr’tmin’tmax) (1)



where Ngy is the number of EVs parked at home, ¢, and ¢ _denote the arrival time range of EVs with

mean - and standard deviation g, Parameters and detailed formulation for both probability density
functions are shown below in Table 1 and Appendix A, respectively.

Table 1
Parameters of the probability density functions

Variable Input PDF Parameters

d; Ny Lognormal Uira = 2.89257  01re= 0.91779

“r Nev Truncated Normal  pterr = 16:00 Oarr=3-h tmin = 11:00 tmax = 23:00
2.2 EVs model

The batteries of the EVs are evaluated as a black box. This means that the charging efficiency of the
batteries does not depend on the charge power de’, which can take any positive value within a certain
range of nominal battery performance. This approach simplifies the model in comparison with the
nonlinear representation used in [4].

In order to quantify the desired energy level of an EV’s battery e;?bj when connected, first, it is necessary
to compute another set of energy levels. Thus, the arrival energy level e;” of the jth EV is determined

based on its maximum battery capacity ef ™ which is derived from the maximum state-of-charge
SocC, .

ECR; and the daily travelled distance d; in km, as given in Eq. (3). The ECR is defined as the estimated
average ratio of the electrical energy used per kilometre travelled for In-city, Highway, or Combined
driving modes, expressed in kWh/km.

and rated battery capacity BC;jin kWh from Eq. (2), as well as the energy consumption rate

e;™ =50C,,, BC, 2
ei" =e]™ - ECR, ld, 3)

obj

Based on the arrival energy level, the desired energy level of the battery e

and the required energy

level ej’.e‘f7 can be obtained as follows:
obj —
e 7= SOC,, [BC, 4)
ra . S0C,, BC, ~et" )
! ,7ch

where 77, is the charger efficiency, and the desired state-of-charge SOC,,; can be set to a specific value

lower than or equal to the SOC,__ ; which is decided by the owner.

max *
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Additionally, the minimum energy level of the jth EV's battery e in Eq. (6) is used to verify that

arr

initial levels of e} and e;bj are feasible to be assessed. This is calculated iteratively for each EV

throughout an embedded For-While loop according to the flowchart in Fig. 1. Note that for a real

arr arr

application of the proposed method, both 7, and e, can be directly obtained from the energy
management system (EMS) of the EVs when it is connected. Therefore, it is not necessary to consider
both Eq. (3) and the flowchart. However, for energy planning studies, the whole method should be
followed, as stated in this paper.

e;™ =50C,;, [BC, (6)

J

obj
i

Initial values of dj, ¢{” and e

v

j=lZNEv

J=j+1 No
A 4
No ; .
arr obj arr min <
j > e,/‘ H e/ < ej
Yes
A 4

Generate a new value of d;, then calculate again

ej.'"r and e;eq as stated in Eqgs. (3) and (5)

Fig. 1. Flowchart for verifying energy levels per EV based on the samples of driven distance

Having considered charger efficiency within the required energy level in Eq. (5), the expected parking
time ¢/ of the jth EV in Eq. (7) is obtained based on its maximum DC charging power P,;**. Note that it

may vary due to the type of connection (single- or three-phase) and charging standards [21].

e
17 =ceil — (7
P,

Therefore, the expected disconnection time t;’” for vehicle j is determined the summation of the arrival

. arr . . p.
time 7 and parking time 77

l,jix :t;zrr +l,]p (8)



2.3. Energy boundaries of EVs

Under the control of an aggregator, an EV j with a scheduled parking time has flexible charging capacity
through its energy and power boundaries, which define a possible set of charging paths [22]. Thereby,

upper

the upper energy boundary e obeys to an immediate charging process up to reach the desired energy

level, which can be lower than or equal to the maximum battery capacity. In contrast, the lower energy

delay
J

lower
J

represents the curve with the maximum time delay (t ) of the charging process.

boundary e

Conversely, the power boundaries refer to the instantaneous rated charging power at each time slot while
the EV remains connected. However, before computing the energy boundaries, it is required to evaluate

the number of discrete-time intervals tijm for each EV parked at home by considering a time step ¢, and

an interval length Ar =¢_ /60, as follows:

P
i )
LY

Based on 77" and f;‘“ , the energy boundaries for vehicle j are determined using the proposed recursive

discrete-time equations in (10) and (11). In this model, the upper energy limit is quantified starting from
the arrival energy level of the jth EV up to the estimated plug-out time, i.e., it goes from a present state
up to a future one. Conversely, the lower energy boundary is computed from the objective energy level
of the jth EV up to reach the arrival energy level, i.e., it goes from a future condition up to a present one.
Moreover, these expressions, in conjunction with the network's constraints, assure that during the
optimisation process, the charging path of every EV remains within their energy limits.

ezjzrr ’ k _ 0
upper _ ] . 10
ej,(tj?”+k) - mln{ e'rrer + pma [2]7 A\t e"bj} k=1K Z‘int +1 J EV
Ai,(fjf”"'k_l) ch ch » & , -1, g
;" , k=0 .
ei‘l?z;rrﬂ;m k) = maX{ elower _ Pmax []7 mt earr} k —_ 1 K tint +1 D.] D QEV ( )
3§+ —kH1) ch ch » € s =1, .

In detail, Eq. (10) ensures that the upper energy state of the EV j is equal to the arrival energy at 7" and
in later periods (t_j.’" + k) could only be at most P [y, [\t greater than the energy remaining from the
previous period (t_j’" +k- 1). Moreover, it should also be no larger than the objective energy level. Eq.
(11) foresees that the lower energy state of each EV at time t;.ﬁs must match with the objective energy

level and in previous periods (t;‘" + t;“‘ - k) could be at most P;** [#, [At lower than its value at

(t;”’ + tj.“‘ -k + 1) but cannot be lower than the arrival energy level. Fig. 2 exemplifies the energy

boundaries of an EV j, which energy level follows an optimal charging trajectory up to reach the

arr B min

objective energy state insofar that set-point does not change if a) e}" = ef ™ orb) e =e .
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Fig. 2. Energy boundaries of a scheduled EV with a) e;.m = ef ™1 and b) e?rr =e;

2.4. PV systems model

The yearly solar irradiance and ambient temperature data are collected from [23] for modelling the
uncertainty of PV generation. These data are used to obtain the estimated daily power production of a
single-phase PV system by using the method of Araujo-Green [24] as shown in the boxplot' of Fig. 3.

Based on the PV power forecast, a math approximation for modelling the output power of PV inverters
is proposed for the summer and winter seasons as presented in Fig. 3. Power is represented as a shifted
cosine wave squared to smooth its edges with the peak at noon, as given in Eq. (12). Note that this fitting
function also describes the uncertainty of PV power by considering the standard deviation value o from
the data used above.

2

where coefficients a, b define the period and wave shifting, and parameters c, d, allow truncating to zero
the signal from t =0 to N, /c and from 7 = (N -N,./c—d ) to N, in order to represent the

2
N,

slots

slots slots slots

absence of sunshine. Moreover, P; is a power set point of the inverter connected at the household i, Pf;v

is the output power of the inverter hooked up at the household i at time ¢, and N, is the number of

slots

time slots for evaluating the model. For any evaluation period T, N, =7/At . All model parameters

slots

are given in Appendix B.
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Fig. 3. Boxplot for the PV inverter power derived from yearly meteorological data by using the model of Araujo-Green.
Fitted approximations of PV inverter power for summer (dashed line) and winter (continuous line) seasons.

1 Boxplot: The line that splits the box into two parts indicates the median of the data. The box represents the distance between the upper and lower quartiles,
which is known as the interquartile range (IQR). The upper and lower lines are known as whiskers, which mark the data extremes. The whiskers also provide
information about symmetry in the tails of the distribution. Any points lying outside the 1.5 x IQR around the box are known as “outliers” and are denoted
by + symbols.

3. Optimisation method
3.1. Network sensitivities

Unbalanced three-phase load flows in steady-state are used to generate the network sensitivity
coefficients, which are subsequently used in the definition of network constraints. This task is performed
using PowerFactory (PF) [25] in conjunction with Python [26]. In order to get the sensitivity values due
to the addition of load and generation, a steady load of 1 kW is initially assigned to each household,
which is the maximum average demand from all used power profiles. Then a load flow is solved to
record the loading levels per phase on lines and distribution transformers, as well as the voltage at each
household. Subsequently, load increases up to 2 kW at the first household, then the load flow is executed
again, and the new results from the specified points on the network are stored. This data is then used to
compute the sensitivities of voltage and loading due to the addition of load. For example, the voltage



sensitivity is calculated as dV/0P = (Vi”ew -y e )/ (P.”ew -pr ), where V,"** and V" represent the

initial and new voltage level from the load flow due to the change in the steady-state power at every load
i. A similar approach is considered for computing the loading sensitivities. To reflect the addition of
generation, the initial load changes to 0 kW. Voltage and loading sensitivities for the network
components of interest are obtained in the same manner. Note that before varying a new household load,
the previous one is restored to its original power level. This routine is repeated for the whole set of
households, lines and distribution transformers to obtain the sensitivity coefficients of the network. Only
one set of sensitivities is calculated along the test period, as this reduces the computational burden and
execution time of the algorithm. However, these sensitivity values cannot be expected to match those in
which the load continually varies on the feeder. But these sensitivities allow quantifying the impact that
multiple EVs and PVs, charging and injecting power simultaneously, can have on a particular node,
service cable and distribution transformer on the network.

3.2. Objective function

With the energy boundaries, the aggregator seeks to coordinate the charging of all EVs to maximise
customer satisfaction taking advantage of the available PV power without violating grid technical limits.
Thereby, during the daytime charging of EVs, the proposed optimisation aims to improve the self-
consumption of PV power and reduce the dependence on the network. This means maximising power
delivered to all EVs for a given period by optimising the charging rate of each EV connected. The
optimised charging profile is centrally calculated based on an LP model which assures an even
distribution of the power at each time slot for all EVs. Mathematically, the optimisation problem to be
solved at 7 is as given:

N,

H_ Ny .
Mar /=2 2 (B -007), as)

where H denotes the number of households being supplied by the DSO, and x;, is a binary matrix
(x) uxn,,, suchthat x; =1 if the EV jis connected to the household i at time 7, and O otherwise. It

should be noted that t;‘“ settles the availability span for vehicle j when it is connected to the household i.
Additionally, va = Piff [f),, is the charging power in kW for the vehicle connected to the household i at

time ¢, which can vary from zero up to the rated power of the charger. A‘Zf"“ is the increase in the rate of

charge in kW for the vehicle connected to the household i at time ¢. This term is introduced as a penalty
deviation variable to handle conditions in which a fixed rate of charge (A, ) cannot be satistied due to

the lower energy boundary from constraint (17). Both va and Af’,""c are continuous decision variables.

In the set of households Q,,, @ means that the optimisation problem discards the houses without a PV,
an EV or both. This reduces the number of variables and constraints, and therefore the computational

burden. However, in the post-optimisation process, such households are evaluated based on the
outcomes obtained from the method.



3.3. Constraints

The objective function from Eq. (13) is subject to a series of constraints at each time slot to ensure a
proper network operation with the embedded PV generation while supplying households and EVs
demand.

3.3.1. EVs constraints

Based on the energy level of EV batteries, the charging rate of EVs is dynamically adjusted without
violating grid technical limits as follows:

0<sPY <pP™p, Uiz@0Q,, O (14)
Eﬂ/—l) _(AP +Aftinc) < Pllfv < Piftv—l) +(AP +Aflinc) Diz@0Q,, O (15)
0<AP™ <Al Diz@0Q,, O (16)
lower EV upper — int . .
ei.(rj’”+k) = ei,(rj’”+k) = ei,l()t?”uk) k=0,K, tj +1, Ui 0 QH %0, DJ O QEV a7)
eiarr +Pftv"” k) Y ’ k=0 (18)
EV LG . .
e . = ‘ iz00Q,,0/0Q
o e‘E(‘t/‘.‘”+k—l) +Pi‘:-”+k) (D > k= l’K ’ t}m +1 o "

Following the linear objective function, Eq. (14) imposes that the charging power for the vehicle
connected to the household i cannot exceed its power boundaries at any time step. Eq. (15) limits

significant variations in the charging rate for consecutive time slots through a fixed set-point of A, that

can be relaxed only when necessary using the penalty deviation variable A‘Zf”” . This occurs for vehicles

with narrow energy boundaries where a power boost is needed in the next time step for not violating the
lower energy bound. Eq. (16) ensures that an increase in the charging rate of the EV connected to the

household i should be no larger than the remaining capacity of the charger ( =PI, —A P). Eq.

max ch
(17) states that the energy level for vehicle j, which is connected to household 7, at every time k is within
its energy boundaries. This energy state is detailed in Eq. (18) for the arrival time interval of vehicle j

(t ;m) and later periods by considering the energy remaining from the previous period (t;.‘" +k— 1) and

the charging power at time k. Note that the indexes notation in Eq. (17) differs from Eqs. (10)-(11) by
considering the household i to which the EV j is connected.

3.3.2. Network constraints

The addition of EVs and PVs along the network may cause a significant drop or rise in voltage
magnitude at every load node. This depends on several factors, which includes the charging rate of the
EV, the power injected by the PV system and their location in the network. To ensure that voltage
magnitude is within the operating limits defined by the DSO, the following constraint is defined:



ht ht

Vmin S‘/ii‘”e +ai,i mfv +IBH D)Z}ZV +Z( hl D)EV +ﬂhl |])PV)_ max ° (19)

Di,h2@0Q,,i#h, Ot

base

where V™ is the base voltage at the ith household node, a,, and B, represent the sensitivity of

voltage (OV/ OP) at household node i due to power supplied to the EV i and power generated by the PV
system i, a,, and 3, are the sensitivity of the voltage for household i as a result of power demanded

by the EV & and power produced by the PV system /. Note that a negative sensitivity value in &
represents a voltage drop in such node, while in £ that value will be positive, which indicates a voltage
rise. Additionally, V. and V_  define the minimum and maximum permissible network voltage levels.
It should also be noted that @ and £ are two square matrices of [H xH ] , and the term i # h means that
i remains fixed while 4 varies.

In addition to voltage levels, further constraints for maintaining the active power flow within limits are
evaluated. This means that it is necessary to consider how the active power variation of PVs and EVs
affects the loading level of the entire network by making use of the sensitivity coefficients. The

proposed linearization for power flowing through the cables and distribution transformers of the LV-
network is presented as follows:

H

P o+ (Mg B + A g TR ) S P, (20)

k=1

0i0Q,, k2@ 0Q,, 0p 1

Pbase +Z( » @EV +& @PV) pmax (21)

Txi, @t k@i Txi,@?

0:0Q,. . Ok200Q,, 0@t
where P/, and P;%%  are the base loading levels in kW for the supplying cable i and distribution
transformer i per phase ¢ at time 7. Moreover, 4, 4, 0, ,, and A, .,

coefficients for each phase ¢ of the service cable i and transformer i due to power demanded by vehicle

vp; are the loading sensitivity

k, and power generated by PV system k, both in kW. Note that a positive sensitivity value in 4 and J

represents an increase of the loading level on the main cable, whereas, in A and &, those values will be
negative, which indicates a reduction in the loading level. All these coefficients are three-dimensional

matrices of [H X @ x (Line & Tx)] .Lastly, P> and P} is the rated capacity in kW for both the service

Linei
cable i and the distribution transformer i. Note that the initial voltage at households nodes and the base
loading levels on main cable and distribution transformer are calculated beforehand as parameters
through the unbalanced quasi-dynamic power flow for the test period 7 in PowerFactory.

To exemplify the interaction between the aggregator from zone k and the household i, Fig. 4 shows a
detailed structure including the PV inverter, EV charger, demand profile of the customer, and the
embedded control. The unit with the embedded controller can manage and communicate with the power
inverter, charger, and battery management system of the EV. In this study, only the computed charging



power for the time interval [#

arr
j

J

t9*] is sent to each charging spot, once the optimisation problem has

been solved. Therefore, at the end of the charging process, it is expected that each EV has reached its
desired energy level based on Eq. (22). Lastly, Fig. 5 outlines the simplified procedure of the proposed
centralised control method.

t;ii.r
e =e” + Y PV IN Dizp0Q,
1=t

MYV network
LV Distribution network ———s
Communication network T T—
LV network
Aggregator Zone k
e R e .. !
Node i
AC
Inverter DC Charger

!

Embedded
control

——

7 09 12 15 18 A 24

Household load i

Fig. 4. Interaction between aggregator from zone k and household i

(22)



1.1. Steady-state unbalanced load flow:
determine voltage and loading sensitivity
coefficients

1.2. Quasi-dynamic unbalanced load flow:
obtain initial time-series of voltages and
loadings levels

2. Locate PV systems and EVs at
network households

v

3. Obtain the energy boundaries
of all EVs using Eqs. (1)-(11)

v

4. Compute the expected daily
power production of all PV systems
using Eq. (12) or provide the
forecasted time-series.

v

5. Define the linear optimisation
problem using Eqgs. (13)-(21)

v

6. Compute the optimisation|
problem and extract the charging]
pattern of all EVs

v

End

Fig. 5. Simplified flowchart of the proposed methodology

4. Case Studies

A feeder has been extracted from one real LV network in the North West of England [27] to investigate
the applicability of the proposed method. This feeder is also known as the IEEE European Low Voltage
Test Feeder. However, as this benchmark feeder does not physically consider the neutral conductor due
to the Kron's reduction, the data was extracted from the original feeder. This radial distribution feeder
supplies power to 55 single-phase households unevenly distributed per phase through 1.431 km of cables.
This means that exist an unbalanced condition in the network with most of the loads connected to phase
A. The feeder is connected to 11 £V medium-voltage network through an 800 kVA distribution transformer
with a delta/grounded-wye connection. The rated phase-to-phase voltage at the secondary of the
transformer is 400 V with £10% allowable variation. It is assumed that the cross-section of the neutral
conductor equals to phase conductor for both the three- and single-phase service cables. Specifications for



the network model components can be found in [28]. The one-line diagram of the feeder is shown in Fig.
6, which is fully modelled using PF.

The load curve for each household was obtained from a pool of 100 load profiles given in [27,28], which
were assigned in ascending order to each home. These time-series reproduce real patterns of domestic
power consumption with a resolution of one minute. However, in this study, load profiles are
subsequently downsampled to a time-series with a 10-minute time step. The loads are modelled as
constant power (P) at a lagging power factor of 0.95.
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Fig. 6. Low-voltage test feeder for a) 60% of PV and EVs, b) 90% for PVs and 80% for EVs



Initially, a penetration level of 60% for both the EVs and PVs in the feeder was considered. This means
that 33 of the 55 households have both a PV and EV operating at certain time slots of the test period.
This penetration level was deemed appropriate to assess the robustness of the proposed control charging
strategy. However, in a scenario with a higher penetration level of EVs and PVs, without a proper
control action, the required charging power would increase significantly in hours of high demand,
decreasing the correlation with the PV output power. Therefore, this may cause an undesired operating
condition in the LV network. Thereby, to demonstrate the need to use network restrictions under these
conditions, a case with a penetration level of 90% of PV units and 80% of EVs for the winter case was
evaluated. In this scenario, the method described in Sections 2 and 3 was employed with and without
network constraints (i.e., Egs. (19)—(21)). Both the EVs and PVs were randomly assigned among the
households using a discrete uniform distribution U {1, 55}. The number of EVs and PVs connected per

phase are presented in Table 2. The location of each EV and PV for both cases is shown in Fig. 6 and
detailed in Appendix C.

Households with EVs are equipped with a single-phase charging spot of 3.7 kW via a standard AC
connection. The charger efficiency is assumed to be 7., = 0.92 [17]. The fixed variation for the rate of
charge (A P) in constraint (15) is set at 0.5 kW. In the first case, all EVs are simulated based on the

specifications for a Nissan Leaf [29]: BC = 24 kWh and ECR = 0.1778 kWh/km. For simulating an EV
with a higher energy requirement, in the second case, the electric Kia Soul (2018) [30] (BC =30 kWh
and ECR = 0.1679 kWh/km) was considered. For both cases, the battery energy levels are constrained to

a SOC,, =0.2 and SOC,, =0.95 to avoid permanent battery damage or early ageing. Although the

desired state-of-charge SOC,,. depends on the user's driving needs, for simulation purpose, this was set

to reach the SOC, . .

Regarding the model presented in Section 3 and considering that residential PV systems can vary in a
range from 2 to 5 kW [31], the PV units size at the evaluated households was limited to P; = 3.7 kW,
which is the maximum power for summer, with a unity power factor. However, for the winter season, a
maximum power P; = 0.8 kW was defined, as shown in Fig. 3. Additionally, the maximum and minimum
allowable voltage at each time step is set to 0.9 p.u. and 1.1 p.u. The rated capacity of the main cable is

215 A (ie., P, =47.17 kW per phase, assuming a lagging power factor of 0.95).

By considering that the initial penetration level is the most likely occurrence condition in the near future,
one hundred series of simulations were carried out using the LV feeder in Fig. 6 a) for both the winter
and summer seasons to prove the effectiveness of the proposed method. The first simulation was
executed following the flowchart in Fig. 5, and the remaining ones were performed starting from step 3
to 6. As the second case is a critical situation with less probability of occurrence, only a single
simulation was carried out to assess the need for the proposed network constraints. Simulations were run
for a test period T = 30 hours (i.e., starting from 00:00 to 06:00 the next day) with a 10-minute interval
(i.e., 180 slots of time). The proposed model in Egs. (13)—(21) is solved by CPLEX 12.9 under its API in
Python (DOcplex).



Table 2.
Number of EVs and PVs connected per phase and penetration level

Case 1 2

Number of EVs PVs EVs PVs

Households
Phase A 21 11 11 12 16
Phase B 19 11 11 19 19
Phase C 15 11 11 13 14
Total 55 33 33 44 49

5. Results

By using the uncertainty criteria for the EVs presented in Section 2.1, the arrival time of EVs at home is
randomly selected with a mean at 16:00 hours and a standard deviation of 3-h for both winter and
summer. This was computed for the 100 simulations run per season, as shown in the boxplot of Fig. 7 a)
and b). In both figures, the mean value of EVs that arrive at home per hour for winter and summer is
represented by the green and magenta lines, respectively. For those EVs that arrive late, it is expected
that these would charge up to the early morning.
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Fig. 7. Boxplot and mean value of EV arrival time during a) winter and b) summer in case 1

Under the premise that the aggregator can manage the embedded control unit of each EV charger and
monitoring the PV inverters from a remote location, Fig. 8—10 show how such control actions limit the
loading level on the main service cable when connecting the EVs and PVs for winter and summer,
respectively. Due to the lower number of solar radiation hours during winter, PV generation is much
lower compared to the summer case, and hence, the reverse power flow on the main cable. In Fig. 8 and
9, although phase A displays an initial higher loading level from 16:00 hours to 21:00 hours, the average



loading level in all phases for that time range is always below the rated capacity of the main cable. Even
with some charging outliers, the proposed control strategy limits the loading level on the main cable to
its nominal value while ensuring the desired charging level of all EVs. The outliers from midnight to the
early morning occur because some EVs arrive with a low energy level or come late for charging.
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Fig. 8. Boxplot of loading level per phase on the feeder's main cable based on 100 optimisation scenarios for winter in case 1
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On the other hand, the three-phase average loading level is below 83 kW from 16:30 hours to 20:00
hours during summer compared to winter thanks to the remaining PV energy downstream, which is used
by the household loads and the EVs, as shown in Fig. 10. Since no control actions over PV generation
are considered, it is assumed that the surplus power is injected into the network by selling it to the DSO.
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For comparison, Fig. 11 shows the aggregated charging power for the winter scenario if an uncontrolled
charging event would occur, along with the aggregated charging profiles using the proposed control
method with and without network constraints. As the PV generation is low during the winter, the self-
consumption for charging the EVs tends to be reduced, which increases the loading level of the main
cable, as seen in Fig. 12. In this figure, the improvement of the loading level per phase on the main cable
is achieved by considering network constraints.

On the other hand, if only constraints for power- and energy-boundaries are considered, this can produce
overload events at any phase during the simultaneous charging process, as shown in Fig. 12. Therefore,
if the optimisation problem does not consider the proposed network constraints, a safe operative
condition for the LV network cannot be guaranteed.
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Due to the rated power of the distribution transformer is much higher than that of the main cable, for this
particular feeder, constraint (21) would not be violated. Therefore, by applying the optimisation method,
the power level on the LV side of the distribution transformer will be equal to the one on the service
cable.

As an example to demonstrate that the proposed approximation (Eq. (19)) is valid, two scenarios from
case 1 were analysed, i.e., scenarios 97 (winter) and 51 (summer). Fig. 13 and 14 show how voltage at
household 53, which is located at the end of the feeder, is affected by the charging process and
generation from other EVs and PVs. Both figures compare the initial voltage profile, the one computed
from the optimisation and the one obtained using the quasi-dynamic load flow in PF. The second relies
on utilising the sensitivity coefficients (SC), the optimised charging profiles of EVs and the expected PV
power. The latter voltage profile is resulting from uploading the optimised charging profiles of EVs in
PF. For both scenarios, all voltage values are within the operational limits of the network, which
indicates that the voltage level is not the binding constraint for this particular feeder, and therefore the
focus for the results will be on the loading levels, as shown in Fig. 8-10 and 12.

Accuracy of the optimisation method was proved through the error in voltage computation from the
results for both cases, as shown in Fig. 15 and 16. Voltage error along the test period was less than 0.2%
and 2% for winter and summer, respectively. These values differ from one season to another due to there
is a higher level of PV generation which increases the losses on the feeder, and only one set of SC along
the test period is used. Now, if we compare the previous winter scenario with the second case (Fig. 15a)
and 16), it is observed that the addition of new EVs and PVs will increase the voltage error due to just
one set of sensitivity coefficients is following all changes in load during the test period. However, the
error is still less than 1%, and hence, this exemplifies that the proposed linearization is still valid for a
massive penetration level.

Note that depending on the irradiance level, temperature and the load demand, the reverse power flow
and its impact on voltage rise due to PV power will be at the most severe state at noon. This is when PV
output power is at its maximum level, and power demand is the lowest. However, this condition can be
mitigated by charging the EVs, taking advantage of the correlation that exists between them and the
PVs. Therefore, thanks to the sensitivity coefficients for PV units in both loading and voltage level
within the network restrictions, it is possible to reproduce such operative condition, as seen in Fig. 8-10
and Fig. 12-14.
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5.1. Electric vehicles energy requirement

In order to show the effectiveness of the proposed centralised charging strategy, it has been extracted
four cases of EVs with different charging patterns and energy trajectories from scenario 51 (i.e., the case
with a penetration level of 60%), as given in Fig. 17 and 18, respectively. These results come out of the
parameters defined in Section 4 and a daily travelled distance d ;= {34, 78, 61, 41} in km for EVs

located at households 4, 20, 45 and 54, respectively.

Fig. 17 shows the optimal charging pattern, time availability and power generated for the selected EVs
and PVs. It is observed that the charging profiles satisfy both the objective function and constraints
(14)—(16). For comparison, in Fig. 17a), the pre-set value of A, is kept during the charging process,

whereas in Fig. 17d), e.g., the penalty deviation variable was used at time interval 92 to reach the
required energy level faster due to its shorter time window in comparison to the one in other EVs. It is
also noted that the proposed charging strategy automatically delays the charging process, when it is
necessary, to meet the charging demand of all EVs. Besides, it can be seen that the EVs with an early
arrival take advantage of PV output power to be charged. This significantly reduces the load level on the
main service cable.
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Fig. 18 reflects the energy paths from the selected EVs, which were obtained using the proposed control
strategy. These energy trajectories correspond to the charging profiles in Fig. 17. To exemplify the
energy requirements of EVs, in Fig. 18a), for the EV at household 20 the arrival energy is

0 = (24 X 0.95) - (0.1778 X 78) = 8.93 kWh while the objective energy level is

€5

i =((24 x0.95) ~ 8.93)/0.92 =15.07 kWh for a parking time of J, = ceil{15.07/3.7} = 5-h, which is

€

equivalent to £ =5/ (1 0/ 60) =30intervals of 10 minutes. These calculations were carried out in all

simulations according to step three from Fig. 5.

When the energy boundaries are too narrow, or the charging process is delayed, the energy trajectory
tends to move towards the lower energy boundary, as shown in Fig. 18c) and d). However, for EVs with
a longer charging time and a slight delay, the energy path would go through the middle of the energy
boundaries, as given in Fig. 18a). On the other hand, if charging power varies once its rated capacity has
been reached (Fig. 17b)), the energy trajectory would vary accordingly to these changes until meeting
the required energy state, as depicted in Fig. 18b). Therefore, these results confirm the effectiveness of
the proposed method.
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Fig. 18. Optimal energy trajectories for the EVs located at households a) 20, b) 54, ¢) 45 and d) 4 in case 1

6. Conclusions



This article has developed a new charging strategy to find in a decentralised fashion the best charging
pattern that meets the energy requirements of each EVs connected to the LV network while taking
advantage of the PV generation and maintaining the network within its operational limits. Another
contribution is the development of an energy boundary model for EVs, which ensures that the proposed
charging strategy finds an optimal charging path by dynamically adjusting a variable charging rate in
conjunction with a fixed one to assure the technical limits of the network. This model is based on the
daily travelled distance, arrival time, battery capacity and energy consumption rate. Moreover, a
mathematical approximation for modelling the uncertainty of PV output power was also proposed,
which was based on the appraisement of real data of irradiance and ambient temperature. The proposed
strategy exploits the use of network sensitivity coefficients by linearizing both the loading levels and
voltages of the network. This methodology is verified using real data from an LV feeder and load
demand for winter and summer. Numerical results demonstrate that the proposed charging strategy is
feasible and effective for finding the optimal charging profile of each EV while addressing network
constraints. Besides, this charging strategy ensures an even distribution of charging power at each time
slot for all EVs. Further, the proposed method can also be extended to define the most suitable PV
export limits if exist a tighter requirement concerning the voltage level or loading level on the assets of
the DSO.
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Appendix A. Probability density functions for EV's behaviour

Lognormal probability distribution

If the logarithm of X is normally distributed ln(x) ~N (,u, o’ ) , the lognormal probability distribution
function with parameters u and o of the logarithmic values can be expressed as the Eq. (23).

exp{_(hdx)_ﬁ?iigﬂhzﬂ’ 23)

flxlpuo)= —=

Truncate probability distribution

If X is a continuous random variable normally distributed N(y, ¢°) with mean x and standard deviation o,
and an expected value within the range (a, b). The truncated normal probability density function ¢ is
given by Eq. (24).
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Appendix B. PV system model parameters

¢(x| 1, 0,a,b) =

Several major design parameters for the PV model are presented in Tables B.1 and B.2 as a reference.

Table B.1

Parameters of the PV module and inverter for the Araujo-Green model
Parameter  Value Unit
ISCV! 8 . 8 3 A
Voen 37.4 74
Lopp 8.31 A
Vip 30.1 1%
NOCT 45 °C
N, 1
Ny 15
k 1.3806503-102* JIK
q 1.60217646-10"°  C
Gsrc 1000 W/m?
T, 25 °C
p 0.0023 °c!
Hinv 099

Table B.2

Parameters for the approximation of the PV inverter output power
Parameter Summer  Winter

a 5/7 1
b 2 2
c 6 4
d 3 2
Appendix C.

In Table C.1., rows highlighted in blue represent the EVs and PVs connected to a particular household
whose results were displayed in Fig. 17 and 18. The red rows in Tables C.2. and Table C.3. depicts the
household chosen to exemplify the impact of charging and generation in voltage profile, as shown in
Fig. 13-16. These users were selected by taking into account their location and phase on the feeder in

order to show the performance of the proposed decentralised charging strategy on the network.
Table C.4.
Location of EVs and PVs in the test feeder for a penetration level of 60%

EV&PV lToad Node Phase EV &PV Load Node Phase
1 47 835 C 18 46 817 A
2 39 701 C 19 10 248 B
3 2 47 B 20 41 755 B
4 55 906 A 21 43 780 C
5 14 289 A 22 4 73 A
6 19 342 C 23 45 813 B



7 27 539 C 24 22 388 A
8 28 556 C 25 12 264 C
9 52 898 A 26 53 899 B
10 32 614 C 27 8 208 C
11 40 702 B 28 36 676 B
12 54 900 A 29 34 629 A
13 5 74 A 30 17 327 C
14 35 639 B 31 11 249 B
15 21 387 A 32 16 320 C
16 23 406 B 33 37 682 B
17 20 349 A

Table C.5.

Location of EVs and PVs in the test feeder for a penetration level of 80% for EVs and 90% for PVs
Load Node Phase PV EV Load Node Phase PV EV
01 34 A 1 1 29 562 A 26 26
02 47 B 2 30 563 A 27 27
03 70 A 3 - 31 611 A 28 28
04 73 A 4 - 32 614 C 29 29
06 83 B 5 5 33 619 C 30 -
07 178 B 6 6 34 629 A 31 31
08 208 C 7 7 35 639 B 32 32
09 225 A 8 8 36 676 B 33 33
10 248 B 9 9 37 682 B 34 34
11 249 B 10 10 38 688 B 35 35
12 264 C 11 11 39 701 C 36 36
13 276 B 12 12 40 702 B 37 37
14 289 A 13 - 41 755 B 38 38
15 314 B 14 14 42 778 C 39 39
16 320 C 15 15 43 780 C 40 40
17 327 C 16 16 44 785 B 41 41
18 337 C 17 17 45 813 B 42 42
21 387 A 18 18 47 835 C 43 43
22 388 A 19 19 48 860 A 44 44
23 406 B 20 20 49 861 A 45 45
24 458 C 21 21 50 886 B 46 46
25 502 A 22 22 51 896 A 47 47
26 522 B 23 23 52 898 A 48 -
27 539 C 24 24 53 899 B 49 49
28 556 C 25 25
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