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Resilient operation of multi-energy microgrid is a critical concept for decarbonization in modern power system. Its
goal is to mitigate the low probability and high damaging impacts of electricity interruptions. Electrical vehicles,
as a key flexibility provider, can react to unserved demand and autonomously schedule their operation in order
to provide resilience. This paper presents a distributed control strategy for a population of electrical vehicles
to enhance resilience of an urban energy system experiencing extreme contingency. Specifically, an iterative
algorithm is developed to coordinate the charging/discharging schedules of heterogeneous electrical vehicles
aiming at reducing the essential load shedding while considering the local constraints and multi-energy microgrid
interconnection capacities. Additionally, the gap between electrical vehicle energy and the required energy level
at the departure time is also minimised. The effectiveness of the introduced distributed coordinated approach on

energy arbitrage and congestion management is tested and demonstrated by a series of case studies.

1. Introduction

In recent years, the occurrence frequency of extreme natural disas-
ters, e.g., earthquakes, hurricanes, floods and ice storms, has dramat-
ically increased due to climate change, causing severe power outage.
For instance, Hurricane Irene in 2011 and Superstorm Sandy in 2012
both caused massive power outages in Houston and Manhattan, respec-
tively [1,2]. Seven of the ten major storms in the last four decades have
happened in the last ten years, each of which has resulted in significant
economic loss over 1 billion dollars [3]. Such incidents are uncommon
and hence unanticipated, but their influence on power systems is enor-
mous. All these pose threats to the social utility, even people’s lives.
Therefore, enhancing resilience, which is defined as“the ability to with-
stand and reduce the magnitude and/or duration of disruptive events,
which includes the capability to anticipate, absorb, adapt to, and/or
rapidly recover from such events” [4], has recently been recognised as
the key driver of the energy community to reduce the possible damage
caused by these catastrophes. When the transmission network breaks
down due to extreme conditions, there may be a sudden gap between
generation supply and power demand so that the main grid is facing
challenges in maintaining the stability of the power system. Under this
circumstance, the islanding of microgrid (MG) is a solution for more re-
silient power system and it can alleviate the supply burden of the main
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grid during emergencies. Thanks to the disconnection of MG, the main
grid can reallocate spare resources to the grid-connected loads. Since
the maintenance of load supply during contingencies is a key objective
of resilient systems, resilience, as used in this paper, means the ability
to reduce the load curtailment considering the criticality of loads dur-
ing disruptive events, such as outage of utility power supply under the
extreme weather condition. Given the significant disruptions caused by
extreme events, a resilient electrical system should be focused on restor-
ing essential loads (e.g. medical services and emergency lighting) [5].

The traditional method in the period of power outage is to shut down
the failing plants, leaving the rest of the grid to cope as best as it can
in order to satisfy the demand. Nowadays, MG is employed to provide
practicable solutions to address the challenge of enhancing resiliency
[6]. Compared to large power transmission network, MGs are less vul-
nerable to disaster events like hurricanes, blizzards etc., because of their
ability of islanding and little geographical areas [7]. In particular, MGs
can provide higher load reliability compared to bulk power systems
[8]. The feasibility of MGs as a resiliency resource is analysed in [9].
If the utility power supply is completely or partially interrupted dur-
ing extreme events, distributed generators in MGs, such as diesel gen-
erators, wind turbines, and photovoltaics, can restore local loads via
islanding schemes or global critical loads via dynamic boundaries and
formation.
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Indices and sets

teT Index and set of time instants

m& M  Index and set of microgrid

j €N  Index and set of EVs

necLl Index and set of transmission lines

N,, €N The set of EVs at microgrid m

A; CT  Available time window of EV j

PJEV Set of feasible operational profiles of EV j

Parameters

At Time discretization step [h]

122 Maximum utility supply to microgrid m [MW]

P, Maximum controllable power at microgrid m [MW]

EIL Capacity of transmission line / [MW]

F;:V Maximum charging rate of EV j [MW]

Efv Maximum discharging rate of EV j [MW]

tin Plug-in time of EV j [h]

l;?“’ Plug-out time of EV j [h]

n; Battery charging efficiency of EV j [p.u.]

50C; Maximum state of charge of EV j [p.u.]

SO_CJ Minimum state of charge of EV j [p.u.]

SOC; Required SOC of EV j [p.u.]

E} Total required energy of EV j [MWh]

E; Maximum battery capacity of EV j [MWh]

DEL Essential demand of microgrid m at time ¢ [MW]

DﬁEL Non-essential demand of microgrid m at time t [MW]

_ii Maximum RES power of microgrid m at time 1 [MW]

s Electricity price of the utility grid [£/MWh]

cﬁ? Electricity price of the controllable generation power
[£/MWh]

JHIP Binary indicator of the microgrid operation mode
[p.u.]

oRE RES curtailment coefficients [p.u.]

EL gEL

Essential load curtailment coefficients [p.u.]
Non-essential load curtailment coefficients [£/M W]

Electricity power of EV j at time 1 [MW]

State of charge of EV j at time ¢ [p.u.]
Aggregate demand at microgrid m at time ¢
[MW]

Aggregate demand at time ¢t [MW]

Utility grid supply to microgrid m at time t [MW]
Controllable generation power at microgrid m at
time t [MW]

RES power at microgrid m at time 1 [MW]
Power flow at line / and time ¢t [MW]

Essential load curtailment at microgrid m and
time t [MW]

Non-essential load curtailment at microgrid m
and time t [MW]

Total EV load curtailment at microgrid m and
time t [MW]

Marginal cost in normal mode [£/MWh]
Marginal cost in island mode [£/MWh]
Marginal cost to coordinate the EV rescheduling
[£/MWh]

Power shifting in time instant [h]

Power shifting out time instant [h]

Maximum shifting power from ¢ to r [MW]

a(PEV 1) Maximum feasible power increase of EV j at 7
[MW]

b(PEY, j.1) Maximum feasible power decrease of EV j at ¢
[MW]

c(PEY j,1,1) Maximum power shift due to energy limit [MW]

d(PEY j.1) Maximum power increase due to local capacity
[MW]

e(CL, PEV j,1,1) Maximum power shift due to line capacity [MW]
RTM; Response time margin [h]
SOCM; State of charge margin [p.u.]

RMR; Response margin ratio [p.u./h]
Functions

Crotal Total operational and penalty cost
Ck, Penalty function of load curtailment
I Penalty function of RES curtailment

In addition to employing MGs as a resiliency resource, researchers
have paid much attention on the planning and operational strategies
utilised by MGs to enhance their resilience during significant outage
events. Reference [10] presents an optimal planning model for smart
multi-energy systems, with traffic flow guidance used to capture vehicle
routing and charging/discharging patterns. An agent-based day-to-day
dynamic model to analyze the resilience of the transport network suf-
fering from different levels of disruptions is proposed in [11].In [12], a
two-stage optimisation model capturing both normal and emergency sit-
uations is proposed to solve the investment problem of MEMGs towards
load restoration after natural disasters. A planning method to determine
the optimal configuration of distribution level multi-energy system con-
sidering the comprehensive impacts from supply, network and demand
sides is provided in [13]. Reference [14] presents a two-stage energy
management technique based on hierarchical control to minimise the
system operation cost and dispatching real-time energy in networked
MGs with high renewable penetration. In [15], a spatial-temporal trans-
portable energy storage system model is proposed to mitigate the cus-
tomer interruption cost and power generation expense. The authors of
[16] propose a refined and executable post-disaster restoration schedul-
ing approach for cyber-physical power distribution systems considering
the dynamic formation, expansion and integration of MGs.

Furthermore, much research has been performed on different aspects
of the Vehicle to Grid (V2G) concept, such as, frequency and voltage
regulation [17], renewable energy source integration [18], and energy
arbitrage [19]. To enhance the system resilience, the deployment of elec-
tric vehicles (EVs) providing backup power under outage of the external
electric grid has also been investigated. In [20], an optimisation model
that aims at maximizing backup duration and an algorithm for energy re-
sources scheduling are developed. Reference [21] investigates the feasi-
bility of providing power to residential customers during power outages
in order to improve a distribution system’s resilience. Resilient routing
and scheduling of mobile power sources are investigated via a two-stage
framework in [22]. The optimal utilization of EVs parking at a shared
station to enhance energy resilience for two residential and commer-
cial buildings is presented in [23]. Reference [24] explores the impact
of adaptive signal control within a doubly dynamic learning framework
on the resilience of urban road networks. The authors of [25] conduct a
research and analysis of the benchmarks for the immunity of multi-scale
urban road networks against global disruptions.

While numerous EVs with heterogeneous parameters are involved in
the MEMG system, it would be challenging to carry out an optimisation-
based centralized control, especially with a nonlinear resilience-oriented
objective function. In distributed control, as opposed to centralized con-
trol, each EV owner decides whether to charge or discharge the battery
according to their specific purpose, which is usually to minimise the in-
dividual energy cost in normal operation mode and maximise system
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benefit via V2G service during the grid outage period. Due to the lack
of direct control in the distributed method, achieving the optimal global
solution is not always guaranteed. Additionally, because the distributed
control divides the computational burden between EVs, and each EV
solves its own charge and discharge problem, the distributed method is
highly scalable and suitable for large-scale EV fleets. To reduce the need
for communication between EVs in the distributed control structure, an
aggregator can be used to aggregate information and send to EVs control
signals, which is usually price-based [26].

Classical distributed and decentralized optimisation algorithms
based on Lagrangian relaxation such as dual decomposition [27] or al-
ternating direction method of multipliers (ADMM) [28] are guaranteed
to converge only for convex and separable problems. In [29], a par-
tial decomposition method based on the Lagrangian relaxation frame-
work is proposed for the distributed charging control of EVs considering
the transmission grid congestion. Reference [30] introduces a hierarchi-
cal distributed method based on the exchange problem for the optimal
charging coordination problem that is solved by ADMM. However, a
drawback of the standard ADMM method is that the price signals based
on global information cannot be updated accordingly after some partic-
ipants change their operational schedules. In [31], a distributed hier-
archical EV coordination mechanism is presented to exploit the syner-
gies between the renewable distributed energy resources (DER) and EV
charging needs. A decentralized charging strategy is presented in [32] to
fill the valleys in a residential distribution network, and a shrunken-
primal-dual subgradient algorithm is proposed to solve the problem in a
decentralized manner. In [33], a distributed simulation-based policy im-
provement method developed from heuristic or experience-based poli-
cies demonstrates good performance and scalability. Reference [34] de-
velops a consensus algorithm for distributed control of large-scale EV
charging to reduce total charging power loss or provide V2G service with
maximum available EV power. In [35], a decentralized charging con-
trol mechanism is proposed using historical three-phase voltage mag-
nitude data from each EV charging point and there is no requirement
of communication between controllers. In [36], a multi-agent deep re-
inforcement learning-based algorithm for the coordinated charging of
EVs is proposed to reduce the energy cost while ensuring a high battery
energy level before daily trips. Moreover, in [37], a practical demand
response program for plug-in hybrid EVs charging scheduling based on
the non-cooperative game theory framework is developed to optimise
the EV charging cost. Although various distributed EV charging control
algorithms have been investigated in the literature (see survey papers
[38,39]), there is no existing method that is focusing on the coordina-
tion of bi-directional power flow between numerous heterogeneous EVs
and the power system while simultaneously considering the transmis-
sion grid congestion, especially with the aim of reducing essential load
curtailment in contingencies. In this context, a new distributed optimi-
sation algorithm that can address these issues in the resilience problem
is expected.

This paper proposes a novel multi-phase distributed control strategy
which is, for the first time, used for numerous heterogeneous EVs to en-
hance resilient operation of MEMGs experiencing extreme events. The
presented method mitigates the load curtailment iteratively by adjusting
EV charging/discharging operations and minimises the gap between EV
energy and the corresponding energy requirement at departure. Power
exchange among multiple MEMGs are considered to achieve the optimal
use of distributed energy resources. Consequently, the main contribu-
tions of this paper can be summarized as follows:

¢ A multi-phase distributed control strategy for EVs is proposed to en-
hance resilient operation of MEMGs. Driven by the price/penalty
signal, every EV reschedules its charging/discharging profile tem-
porally to provide V2G service minimising load curtailments during
outage and the gap between EV energy and the corresponding re-
quirement at departure.
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e The interconnection capacity between MEMGs and the diversified
distribution level constraints are simultaneously considered in the
proposed algorithm. Therefore, EVs in different MEMG clusters can
exchange energy based on spatial and temporal flexibility to reduce
the overall load curtailment while preventing power networks from
being overloaded.

A smart load curtailment management approach is performed in case
studies to ensure the imbalance of supply and demand does not expe-
rience major fluctuation so that the threats to the operation stability
of the MEMG will be effectively mitigated.

Compared to the traditional optimisation-based energy management
methods, the proposed distributed algorithm effectively protects EV
privacy while significantly reduces computational complexity. This
is particularly advantageous when more MEMGs and numerous EVs
are involved.

The rest of this paper is organized as follows. Section 2 introduces the
model of flexible EVs and the electricity market. Subsequently, the pro-
posed multi-phase distributed control strategy is described in Section 3.
Numerical results based on a series of case studies aimed at evaluat-
ing the performance of proposed control strategy are demonstrated in
Section 4, and Section 5 concludes this paper.

2. System model
2.1. The structure of MEMG cluster

Fig. 1 depicts the configuration of a MEMG cluster. Each MEMG can
potentially comprise different components covering electricity, heat, gas
and transport sectors. Particularly regarding distributed generation re-
sources, PV and controllable generators (CGs), e.g., diesel generators
and CHP, are considered to supplement the utility grid for local energy
supply. MEMGs characterized by different functionalities e.g., commer-
cial, industrial and residential, operate as independent complex during
normal periods, and can be interconnected under extreme conditions
such that the energy resources are shared and reallocated to collectively
defend against disruptive events. In each MEMG, there are plug-in EVs
that are expected to be charged. These EVs can increase flexibility to the
system, but they will not provide services at the expense of losing energy
in the battery, i.e., the energy level while they are connected to the grid
cannot be lower than the initial energy level. The focus of this work is
coordinating numerous V2G-capable EVs across MEMG cluster to miti-
gate load curtailment under extreme conditions, thereby enhancing the
resilience of urban energy systems.

Let us denote the set of clustered MEMGs by M = {1,---, M }. For
each MEMG, m € M, there are N,, = {1,:--, N,,} EVs participating in
the resilience enhancement scheme. Thus, the total number of involved
EVsis N =) .(N, and the corresponding set of EVs is denoted by
N =U,e yN,,- The analysis is performed over a discrete time interval
T = {I1,---,T}, with discretization step Az.

2.2. Modelling of a single EV

The rated charging/discharging power of EV j € N is denoted by

Ffv / EEV. EVs can only interact with MEMGs when connected to the
chargers, so an availability window A; C 7 is assigned to EV j such
that the power exchange with the grid P/E,V =0,vt €T \ A;. Consider-
ing the uncertainties of EV driving plan, individual estimated arriving
and departure time is given as a range, i.e., [f;",ti.”] and [t;?‘” ,f;?“’] re-
spectively, as shown in Fig. 2. The most conservative EV availability
window A; = { ti,", tj.” +1, ,t;?”’} ranging from the latest arrival time t;"
to the earliest departure time 72 based on individual estimation is used
for EV dispatch to ensure the robustness of the EV dispatch strategy.
Note that the optimality loss due to conservatism can be reduced by in-
troducing rolling optimisation techniques with the latest estimation of
EV driving plan. Let us denote the state of charge (SOC) of EV  at time
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Fig. 2. Feasible SOC polygon of EV j and an example operational profile.

t by SOC; ,, then the feasible set of power exchange profiles for EV j is
represented by:

—EV
EV _ [ pEV T EV EV 1
pj _{Pj e R | Pj ]1!(t)§PjJ SPJ. I“:31!(t),

b )
SOCj,, = SOCj,,,l + ”jE_/At’

SOC, < SOC;, < SOC;, Vi € T}

where »; denotes the power exchange efficiency, E; is the energy capac-
ity of EV battery, and 1, is the indicator function:

1 ift i

lf(’):{o iszj; @
The SOC of EV j is bounded by the maximum/minimum values
soc i/ SOC,. For the specific scenario where EV j prioritises individual
energy, this EV only agrees to provide flexibility and refuses to support
other loads by losing its energy to be lower than the initial SOC at plug-
in time. In this scenario, the lower limit SO_C/. in (1) has to be replaced
by SOCJ-’,;_n .

It is noted that every EV is required to be charged to an energy level
SOCT at the end of its availability window 2. For an initial energy level
soc Jains the total energy exchange between EV and the grid should be

no less than

El = (Socj' - Socj,,;n) - E, 3)
and thereby an additional constraint ¥ PEY - At > Ef should be im-
posed. However, this requirement may not be satisfied during disruptive

events, since a resilient MEMG tends to prioritize the supply of essential
loads with limited local resources, which may compromise EVs’ benefits.

2.3. Aggregate demand

In the case where local load curtailment is inevitable when island
mode is enforced, it is important to differentiate the supply priority of

MEMG
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Fig. 1. The architecture of a MEMG cluster.

different types of load in order to alleviate the adverse impacts on local
communities. In this work, various electricity loads are categorized into
three types, comprising essential load, non-essential load and EV charg-
ing load. Essential load is typically related to basic societal functions.
The maintenance of essential load during disruptive events is the key
objective of resiliency-oriented operation of MEMG and should be pri-
oritized above all. The uninterrupted supply of non-essential load should
be secured in normal situations under the framework of power system
security and reliability. However, during HILP disruptive events, the
supply of non-essential loads should be strategically compromised for
the survival of essential load, thus fulfilling the aim of resilience en-
hancement.

Let us denote the essential and non-essential load of MEMG m at
time ¢ by DEth and D%EL respectively. Then, in combination with EV
power exchange, the aggregate electricity demand of MEMG m at time
t is expressed as

D, =D+ DN+ N PEY. )
JEN
Accordingly, the total demand of the MEMG cluster follows

Di= 3 Dpi+ X Duit+ 3 3B ®

memM mem memM je_/\/'m

2.4. optimisation framework

The objective of the resiliency-oriented V2G scheduling is to min-
imise the local load curtailment of the MEMG during disruptive events
with the lowest economic costs. Based on the architecture of the MEMG
cluster in Section 2.1, the optimal energy resource allocation, for MEMG
m € M, interconnection line n € £L(m), and EV j € N at time t € T, is
determined by the following optimisation problem

T M
: — RE CG CG HILP UG UG
mn Crotal = Z Z <fm(Pm,r) ey Pm,t +A =L Cma Pm,t
=0 m=1

DR CY;,,> ©
ke{EL, EV, NEL}

RE UG CG L _

st. P+ P T+ P +Cp =Dy (62)
UG HILP,  HUC

0<pPr<(1-1".P", (6b)
RE _ —RE

OSP”” = " mt’ (6C)

—CG

CG

0< Pm,t < Pm,t’ (6d)

—L L —L
- CmJl S Cm,n,t S Cm,n’

(6e)
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PN er, (6f)

(1 — JHILP). (E; - PE. Ar) <0, (62)

1€EA;

where = = { PRE, pUG pCG pEV (L} denotes the set of decision vari-
ables. The objective function Cr,, comprises the operational cost and
the penalty cost (incurred by load curtailment in contingencies). The op-
erational mode of the MEMG is indicated by the binary parameter /P,
i.e., I"P = ( for normal mode and /" = | for island mode. Under ei-
ther mode, the power balance should fulfil equality (6a). The power
supplies from the utility grid, local RES and controllable generators as
well as interconnection between different MEMGs are constrained by
(6b)-(6e). Meanwhile, EV power exchange should follow (6f). Regard-
ing constraint (6g), the energy demand of EV population has to be sat-
isfied during normal operational mode. However, if a disruptive event
occurs, the supply of essential load curtailment is prioritized in which
case (6g) can be violated with penalty.

It is noticed that the optimisation problem (6) has numerous deci-
sion variables due to the involvement of EV participants and the ob-
jective function accounting for the cost over a large scale system is not
linear. Together with the fact that knowing the specific parameters of
each EV by a central controller is not practical, a distributed optimisa-
tion approach that each EV optimises its individual operational schedule
is preferable. Before the distributed optimisation approach, the formu-
lations of total cost, RES curtailment, and load curtailments in the two
operational modes are defined.

Normal operation: In normal operational conditions, the MEMG is
connected to the utility grid, where local electricity demand can be
supplied by both the utility grid and local energy sources. Meanwhile,
EVs are assumed to follow an economy-oriented charging pattern. As
a result, the cost at normal operation time ¢ is the objective function
(6) when IF™? = 0 and it is expressed as

M
X (1P + 5 - PUS + S5 - PSS ™
m=1

where the three terms are the penalized cost of RES curtailment, elec-
tricity purchase cost and local generation cost, respectively. Particularly,
the penalty function is expressed as

S PRE) = 2aRE - (P, — PREY ®)
where oRE is a positive coefficient.

The system operator then solves the optimisation problem (6) and
broadcasts the marginal cost as a common signal to coordinate the
power exchange of various EVs. Individual EVs respond to this com-
mon signal by adjusting their power exchange schedule in an organised
way to further reduce the total cost Cr, . Details in this process will
be elaborated in Section 3. Although the impact of a single EV response
on the marginal cost signal is minor, collective response of numerous
EVs can make a fundamental difference. Therefore, it is necessary to
quantify the sensitivity of cost Cr,, in normal mode with respect to the
power profile PjEV of a single EV by calculating the following gradient

9Crotal 9Crotal .
0PEV ’ aPEV ’
J-l Jj2

aCTotal
’ EV
an,T

NM _ —
Am =V PJEV Crotal =

(©))

In particular, the marginal cost ANM = %, is determined by the dual
jit

variable of power balance constraint (6a)j.at node m and time ¢.

Island mode: When a contingency occurs and leads to the failure of
partial generation/transmission capacities of the power system, MEMG
can operate in island mode, thus mitigating the supply pressure of the
main grid. However, local electricity demand can only be supplied by
local energy sources and is under significant risks of being curtailed. In
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this case, EVs can be called to adjust their power exchange schedules
for resilience enhancement, but potentially at the cost of jeopardising
their own interests. In this case, EV load curtailment is defined as the
gap between the required energy level and the energy level at departure,
ie., (SOCJT -SocC jy,?m) -E e Therefore, the total EV load curtailment of

MEMG m at any particular time ¢ is calculated as

EV _
cuty = Y (soc;-soc,,) -, (10)

j: xj?"’ =t

Meanwhile, the essential and non-essential load curtailments are deter-
mined by

-1+
EL _ EL CG RE EV
Curm,t - Dm,t - Pm,r - Pm,t + z PjJ (11a)
JEN,
|
NEL __ NEL CG RE EL EV
Curmyt - Dm,t - Pm,t +Pm,r - Dm,t - 2 Pj,r (llb)
JENp

where operator [-]*/~ = max /min{-,0} indicates taking the maxi-
mum/minimum value between - and 0. Then, with the calculated
amount of energy curtailment, the corresponding penalty cost, i.e., CEL
for essential load curtailment, CEV for EV load curtailment, and CNE
for non-essential load curtailment, are defined as

A _ 1
Cr = Ear"n -(Curk )* + B - Curk,, (12)

where k € {EL,EV,NEL}. a* and ¥ are penalty coefficients, the values
of which are selected based on the criticality of the corresponding load.

Now, the total cost when the MEMG is in island mode can be formu-
lated as (13). Compared to the total cost in normal mode as shown in (7),
the RES curtailment penalty cost and the local generation cost remain
the same but the electricity purchase cost is removed because the MEMG
is disconnected from the utility grid. Moreover, when the power supply
cannot meet the demand during the contingency, the penalty terms re-
garding the essential load curtailment, EV energy curtailment, and the
non-essential load curtailment are appended to the cost function with
different weighting parameters indicating different priority.

M
> (e g+ 3 64 03
m=1 ke(EL, EV, NEL}

To capture the marginal cost in island mode, the gradient of the
total cost Cpy, With respect to the power exchange schedule of EV j at
MEMG m is calculated which is in the same form of (9) and denoted by
M. Given the marginal cost of normal operation mode A¥™ and the
marginal cost of island mode 4/M, the key information that is used to
coordinate the dispatch of numerous EVs is calculated as

Ay = (1= TPy 470 4 pHILP 30N (14)

which will be used to guide the resiliency-oriented adjustment of EV
power exchange in Section 3.

3. Distributed control strategy for an individual MEMG

During disruptive events, EVs can adjust their original power ex-
change plans in a resiliency-oriented way. To mitigate load curtailment,
particularly in respect of essential load, a distributed rescheduling strat-
egy for the operation of numerous EVs is introduced in this section.
Specifically, a sequential iterative algorithm is proposed to collectively
coordinate the resiliency-oriented rescheduling of multiple EVs, where
each EV follows a multi-phase adjustment strategy, as demonstrated in
Fig. 3. Phase 1 aims to reduce essential load curtailment, while Phase 2
is motivated by satisfying EV energy requirements at departure. Finally,
the mitigation of non-essential load curtailment is focused. Note that
the order of the three phases corresponds to the priority list of different
loads.
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Phase 2
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Fig. 3. Flow chart of the multi-phase algorithm.

3.1. Phase 1: Power shifting for essential load shedding

Motivated by alleviating essential load curtailment, for EV j, an
amount of power, i.e., §; > 0, is shifted from time 7 € A, to time teA -
Starting from an initial power exchange profile PV € PV, the adjusted

profile wa+ after power shift is formulated as Equation (15):

PR =6 ifs=1
Pt =P+ ifs=1 (15)
PJE;’ otherwise

The power shift operation, i.e., §;(z, 1) is determined as follows:

3.1.1. Feasible magnitude of shifted power
For an initial power exchange schedule of EV j, i.e., PJEV IS P}EV, the

amount of power §, that can be shifted is limited by the quantity 5,
defined in Equation (16):

81 =min{ay (P, .0, by (P™. .0 ¢ (P, j.1,1), 16)
di (PP, j,1),e(CY, PRV, j, 1,1)}.

Each term of the minimum function in (16) is specified as:
o maximum feasible power increase at time 7:

- —EV
a(PY,j,n =P, - P¥ an

o maximum feasible power decrease at time 1:

by (P j.n =PV - PV (18)

e Maximum feasible power shift that fulfils energy limits:

)  E(soc;,-soc,))
Mgy, 1-1) N,
Ej-(SOC/»—minteﬁ'Mk” soc,y,)

At

(PP, j,1,1) = (19)

o Maximum feasible power shift that fulfils local network capacity limits:

d,(PY,j.1)=D, - D, ; (20)

mjt
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o Maximum feasible power shift that fulfils interconnection line capacity
limits:
- —L
e(CH PV jn=C, -Ck

n m,n,t’

ifr e {11} 2D

Constraints (17) and (18) ensure EV power exchange is always within
its physical limits [EFV, F;:V], while Constraint (19) guarantees the SOC
at any time would not exceed the upper and lower bounds. By imposing
(20), the local distribution capacity is taken into account while imple-
menting power shift across numerous EVs to avoid overloading local net-
works. Moreover, the interaction between different MEMGs is restricted
by the interconnection capacity, as shown in (21).

3.1.2. Selection of shifting time pair

While selecting the optimal time instants to implement the power
shift, the following two factors should be considered.

— DN congestion management:

To ensure that the aggregate demand in each individual MEMG does
not exceed the local network capacity, Constraint (22) should be satis-
fied:

D, =D+ DN+ 3 PV <D, (22)
JEN
Specifically, if condition (22) is violated, it is necessary for EVs to
shave the peak demand by reducing charging power or increasing dis-
charging power. In particular, each EV in this MEMG checks its avail-
ability at the network-overloaded time * and respond accordingly to
shave demand, i.e.,

t* € argmax D, (23)
1€A;: D,y >Dy,

After selecting time instant 1*, the associated optimal 7" is calculated
as follows

=%

t e argmin Mg (24)
1€A; i Dy, <Dy
& (PEY, j, 1%, >0

which aims at minimizing the cost increase incurred by network con-
gestion alleviation.

Through the selection of time pair (1*, ?*) asin (23) and (24) with the
magnitude determined by (16), the power shift operation §, (z, 7) reduces
local peak demand in the most economic manner. Therefore, sequen-
tially updating the power exchange of different EVs can cost-effectively
realise network congestion management.

— Resilience-driven energy arbitrage:

Since the primary goal of this algorithm is to enhance system re-
silience, power shift should be then driven by reducing the attached
costs of penalizing essential load curtailment. Specifically, a certain
amount of electricity power is charged to EVs at time instants with low
marginal penalized cost and released when marginal penalized cost is
high. This service can be implemented through multiple steps of power
shift. In each step, the power shift &, from ¢ to 7 would lead to reduction
in curtailment-related penalized costs. To obtain the most significant
cost reduction in a single step of power shift, the optimal Q*,?*) are
identified according to

@*,7") e argmin (4 — 4)-5;(P™, j,1,1). (25)
(LNEA XA, N

3.2. Phase 2: EV energy compensation

The process of EV power shift in Phase 1 is dedicated to reducing
essential load curtailment, disregarding EVs’ own interests. This can lead
to a situation where EVs are not charged to their required energy level at
departure. To address this issue, this phase aims to fill the gap between
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the SOC after EV providing the service in Phase 1 and the required SOC
at departure. This is implemented by using the available local energy
sources at this stage, i.e., the energy that can be delivered for EV energy
compensation must be from either unused local RES and controllable
generation or those have been supplied to non-essential load. To fulfil
this purpose, the following steps will be carried out:

— Priority sorting for EV charging:

Since different EVs are characterized by customized trip schedules,
it is imperative to sort the suitability of individual EVs providing V2G
services by taking into account the temporal and spatial availability of
numerous EVs. To this end, two indices proposed in [40] are adopted
to sort the priority of EV charging, namely the response time margin
(RTM) and the state of charge margin (SOCM). Specifically, RTM, which
describes the maximum time an EV stays connected to the system, is
defined as

RTM; = zj"’ - z;". (26)

The smaller RT M; is, the shorter charging time that the EV can sustain.
This means that an EV with smaller RT M; is expected to be selected
with a high priority for charging. However, at a particular time instant,
there may be multiple EVs with the same RTM. Therefore, the other
index SOCM, expressed as below, needs to be employed

SOCMj:maX{O,SOer—SOCjtm}. 27
v

The greater SOCM is, the higher charging urgency will be. Therefore,
EVs with greater SOCM and smaller RTM are prioritized to be compen-
sated.

Based on these two indices, an integrated parameter, which is de-
fined as the response margin ratios (RMR), viz,

SOCM,
RMR; = —rt (28)
J

is used as the criterion to determine the orders of EVs for energy com-
pensation. According to the above analysis that both the greater SOCM
and smaller RTM will prioritize the EV for charging, the principle to se-
lect EV in Phase 2 follows a descending order of the RMR. Notice that
this order is updated once an EV finishes its rescheduling and the avail-
able participant with the lowest ROM could implement the charging for
energy compensation consecutively.

— Maximum power compensation:

After the MEMG is disconnected from the utility grid, EVs, which
have not been charged to their required energy level, would expect addi-
tional energy from controllable generation. As the essential load demand
has higher priority relative to the EVs, it is not convenient to charge EVs
while sacrificing essential demand supply. Hence, the energy that can be
delivered for EV energy complement must be from either unused local
generation or those have been supplied to non-essential load.

No matter which source that the energy comes from, the additional
power that can be added to the EV operation schedule is restricted by
the quantity 5, which is defined as:

5,(PEY, j,19) = min{ay (PR, j, 1), b,(P™Y, j, 1), ¢,(PEY, j, 1)} (29)
Each term of the function in (29) is specified as:

o maximum feasible power increase at time #:

—EV
ay(P™. j.19) =P, — Py (30)

o Maximum feasible power swap that fulfils energy constraints after 7,:

E- (soc | —min,y, Socj,,)
by(PEY, j, 1) = = 31

e Maximum feasible power increase that fulfils local capacity con-
straints:

e (P¥,j.1) =D, — D (32)

mytqy
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Similar to the upper bounds (17), (19) and (20) in Phase 1, the
bounds in (30), 31 and (32) are imposed to ensure the EV operation
schedule fulfills its operational conditions and the local capacity.

After considering the maximum convenient charging power at each
time instant within the EV’s availability window, the next step is to de-
termine the optimal reschedule among all these potential options. Con-
sidering time instants with electricity supply surplus, if there are EVs
which are available for power increase at these time instants, their op-
timal options could be charging as much as possible because the price
is relatively low compared to charge by curtailing the non-essential de-
mand. However, if there is no power surplus within some EVs’ avail-
ability window, their energy level increment can only be achieved by
scarifying non-essential load and inducing penalty because of the pri-
ority. Overall, in order to charge the EV for energy complement with a
low cost, the optimal time instant is identified by
1 € argmin A, - 5,(PEY, j, 7). (33)

TEA;
Through iterative energy compensation on all EVs, the total energy cur-
tailment at their departure time can be minimised.

3.3. Phase 3: Power shifting for non-essential load shedding

After completing the power shift for essential load curtailment min-
imisation and the extra charging for EV energy shortage, EV flexibility
can be also used to reduce the non-essential load curtailment. Similar to
the restrictions in (16) for essential load, the maximum power shift for
non-essential load is also bounded by

53(PEY, j, 1,1 = min{as(PEY, j,1), b3(PEY, . 1), c3(PEY, j,1,1), d5(PEY, j, D).
(34)

where as, bs, c3,d; are following the same expressions in (17), (18),
(19) and (20), respectively.

3.4. Iterative control algorithm

Due to the limited capacity and minor market power of each EV, as
depicted in Fig. 4, aggregators are typically used to exchange electricity
between EVs and the power grid. With the distributed control frame-
work where each EV operates independently in response to marginal
cost signals, the proposed approach boils down the complex task of coor-
dinating large systems with large population of participants into smaller
sub-problems.

The EV coordination strategy basically incorporates 4 steps:

Step 1: Without loss of generality, the operational schedule of all EVs
before the disruptive events is initialised to be the same as their origi-
nal charging plan, whereas the EVs status are set to be idle (no charg-
ing and discharging) after the event. Individual EVs submit their initial
electricity demand profiles to the aggregator. Based on the aggregate
EV power, the central unit minimises the objective function (6) subject
to constraints (6a)-(6e) and (4). Then, the initial marginal cost 4,, is
evaluated according to (14) and the congestion information of the in-
terconnection lines is obtained according to the optimisation solution.

Step 2: EV j receives the marginal signal and congestion information
to minimise the load curtailment by updating its operational profiles
through power shifting approach under the three-phase control frame-
work. Then, the adjusted charging/discharging schedule is submitted to
the aggregator.

Step 3: The central unit revises the aggregate electricity demand of
EV population and minimises the objective function (6) subject to con-
straints (6a)-(6e) and (4) again to update the marginal cost signal 4,,.
Then, EV j + 1 receives the associated updated marginal cost and con-
gestion state.
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Fig. 4. Power exchange between EVs and the
power grid.
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Step 4: Repeat Step 2 and 3 until the convergence condition, that no
EV can achieve further total cost reduction by unilaterally changing its
charging/discharging operation profile, is satisfied.

The iterative coordination process is performed day-ahead. It links
the global interest with the individual EV charging/discharging be-
haviour. From the system perspective, the system operator aims to min-
imise the load curtailment as formulated in the objective function of
(6). From the EV perspective, based on the global marginal cost, the
customers provide V2G service to minimise the essential/non-essential
load curtailment and seek for individual energy compensation taking
advantage of its flexibility. Since EVs only inform the aggregator of the
amount of electricity energy they required, other information such as
EV parameters and travelling behaviour are not leaked, thereby the cus-
tomer privacy is protected.

Next, the convergence of iterative control algorithm will be analysed.
Let us first consider the power shift § > 0 in either Phase 1 or Phase 3
of an arbitrary iteration ¢ from r* to 7*, the total demands that are the
sum of the essential, non-essential load, and the EV aggregator at these
two instants fulfil the following equations

p-p V=5 P -D{=-s (35)
t t - -

Since the objective function Crpy, in (6) can be formulated as a
quadratic function with respect to the total demand, the variation of
Crotal by performing the power shift at iteration # can be explicitly de-
rived as

Cro(D?) = Crog(DY=D)x 4+ (D) = DY) + 4 (D) - D;f_l))
= e - (=8) 4 4 5 t
= 6(der — 4px) <0,
(36)

where the last inequality holds because the power shift is implemented
from the high marginal cost time instant t* to the low marginal cost time
instant ?*, ie, Ax <Ax. Asa result, equation (36) yields a reduction
of total cost by performing power shift. Additionally, in Phase 2 aim-
ing at EV energy compensation, the charging operation for EV batteries
will decrease the total cost because the EV energy curtailment has the
highest penalty after Phase 1. Overall, the iterative control algorithm

Renewable energy

Table 1

Parameters for the EV population
Parameter Mean Std Parameter Mean Std
PPV 5kW  05kW  E 20kWh  2kwh
S0C; 0.5 0.05 SOCI’ 0.8 0
S0C, 1 0 soc, 0.2 0

ensures the convergence until no EV can further reduce the total cost by
unilaterally changing its charging/discharging operation profile.

4. Numerical results
4.1. Assumptions and parameters

The performance of the distributed coordination strategy is evalu-
ated in this section through a series of case studies on a single MEMG
and a system of three MEMGs. Simulations are conducted in Matlab
R2019a, over a 24-hour time horizon from 12:00 PM to 12:00 PM in the
next day, with the sampling period of 15 min. The occurrence time of
contingency is assumed to be at 6:00 AM. The computation hardware is
a laptop with 2-core 3.50GHz processor and 32GB RAM.

Regarding the parameters of the single MEMG system, the essential
and non-essential demand profiles have been chosen as shown in Fig. 5.

: o ... 5UG
The maximum power supply from utility gridis P = 20 MW. The elec-
tricity price of using controllable generators is fixed at ¢cC¢ = 225 £/MWh

and the maximum output power is FCG =4 MW.

In this MEMG system, a population of N = 1000 EVs participating
in the resilience enhancement service has been considered. The rele-
vant parameters of EVs are following Gaussian distribution with the
mean and standard deviation in TABLE 1. The plug-in and plug-out time
are generated based on the multimodal normal distribution functions in
[41].

Note that the novel algorithm in this paper has no requirement
for the parameters. In practice, the EV parameters such as charg-
ing/discharging power and battery capacity may be more diversified
and lead to different numerical results. Nevertheless, the superior per-
formance in resilience enhancement and computational burden reduc-
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Fig. 5. Essential and non-essential load profiles.
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tion will be effectively preserved due to the distributed characteristic of
the iterative approach.

Next, some case studies are conducted to demonstrate the advantages
of proposed control strategy.

4.1.1. Smart load curtailment management

Instead of the commonly used linear penalty function for load cur-
tailment in the literature, the penalty function is defined as a quadratic
form in (12). To demonstrate the benefits of smart load curtailment man-
agement technique by using the quadratic functions, the following two
cases are compared.

e Case 1-A: The load curtailment penalty functions are linear functions
with constant coefficients, i.e., a¥ =0 for k € {EL,NEL} and gFl =
10000, pNEL = 100.

e Case 1-B: The load curtailment penalty functions are modelled
as quadratic functions, i.e., aFl = 20000, fE = 10000, and aNEL =
200, ANEL = 100.

The energy supply and demand profiles are shown in Fig. 6. In both
cases, it can be seen that the combined power supply of utility grid and
controllable generation is sufficient to meet the total demand before the
disruptive event. While the disruptive event occurs, the energy sources
are managed to supply the essential load. Specifically, the essential load
curtailment between 6:00 AM and 9:00 AM has been compensated by
the V2G service. Then, EVs are charged during 9:00 AM - 5:00 PM when
PV is available, and the charged energy is released to mitigate the es-
sential load curtailment after 5:00 PM. In this regard, the resiliency of
the MEMG system has been tremendously enhanced.

Compared to Case 1-A, the penalty model in Case 1-B provides a
smooth essential load curtailment as shown in Fig. 6. By using the
quadratic penalty function, the marginal cost is proportional to the
amount of essential load curtailment. Thus, the time instants with higher
essential load curtailment are more likely to be compensated by dis-
charging EVs. Thanks to the employment of this smart load curtail-
ment management technique, the imbalance between demand and sup-
ply does not experience major fluctuations, which effectively mitigates
the threats to the operation stability of the MEMG. Furthermore, the
smart load management approach in Case 1-B results in 6.89 MWh total
essential load curtailment that is 30.8% less than 9.95 MWh in Case 1-A.
This is because the power shifting by each EV to compensate the essen-
tial load curtailment in Case 1-B provides higher flexibility. Specifically,
the criterion to select discharging time in Case 1-B when an EV performs
its power shifting is to minimise the highest essential load curtailment,
whereas Case 1-A may always choose the earliest time of non-zero es-
sential load curtailment. As a result, in Case 1-B, more EVs with earlier
departure time can also participate in the V2G service and provide flex-
ibility to reduce the essential load curtailment.

10:00
PM PM
Table 2
Computational performance and Optimality
Number of EVs 10 100 1000 10000
Centralised Time (sec) 1.95 13.90 925.04 N.A.
Curtail (MWh) 40.61 31.40 9.42 N.A.
Distributed Time (sec) 2.39 1814 121.82 302.42
Curtail (MWh) 40.67 31.53 9.95 0

4.1.2. Computational performance and optimality

To evaluate the computational performance of the proposed coordi-
nation method, the simulation time and the essential load curtailment at
different number of EVs are compared with the centralised optimisation-
based approach. The simulation results are shown in Table 2.

It can be seen that the computational advantage of the distributed
method increases exponentially compared to the centralised optimi-
sation with the increase of the EV number, although the optimal-
ity in essential load curtailment is slightly lost. Specifically, for the
centralised method, the computational time is increasing dramatically
with respect to the growth of EV number. In particular, when the
EV number is increased to 10000, the centralised approach is not
available (N.A.) for computation because the corresponding optimi-
sation problem is not able to provide a solution after many hours.
Regarding the distributed method, the computational speed is much
faster when numerous EVs are participating the resilience optimisa-
tion, and thereby indicating feasibility to the adoption of rolling horizon
framework.

Moreover, in Table 2, a downwards trend in essential load curtail-
ment is observed with the increasing number of EVs because more flex-
ibility are provided to temporally shift local generation under the situ-
ation of severe essential load curtailment. This result further indicates
the benefits of deep electrification in the transport sector to potentially
provide huge amount of flexibility and resiliency for the power sys-
tem. For the scenarios with same EV number, it is observed that the
differences on essential load curtailment between the centralised and
the distributed optimisation methods are minor, so the significant im-
provement on computational speed for large scale optimisation problem
using the distributed approach does not impose much scarification on
resilience optimality.

4.2. Multiple MEMGs

Next, let us consider a power system with three MEMGs, m = {1, 2,3},
interconnected with each other where the unused PV, CG, utility grid
and EV energy can be transmitted to other MEMGs to mitigate the
load curtailment. The number of EVs in these MEMGs are N, = 2000,
N, = 1000 and N; = 3000, respectively. The parameters of EVs follow
the same distribution as described in TABLE 1. The total electricity de-
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Case 1-A Fig. 6. Essential load curtailment with/without smart
load curtailment management.
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. . . Value Value Value
Fig. 8 shows the four types of coordinated operation for the power — — —
exchange between MEMGs. Type 1 represents the standard demand shift P 20 MW P, 20 MW P, 20 MW
—CG —CG —CG
operation within a single MEMG system utilising the EV temporal flex- P, 4 MW P, 6 MW P, 4 MW
CG CG CG
ibility. Due to the uneven distribution of the local resources and the ‘ 225 £/MWh © 200 £/MWh G 250 £/MWh

RE 1 £/MW?h ot 20000 £/MW?h  oNEL 2000 £/MW?h

flexibility in different regions, EVs can also provide spatial flexibility ng 5000 {/MW?h 10000 £/MWh ﬂ',sEL 1000 £/MWh

through the interconnection between any two MEMGs as represented

10
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Fig. 8. Spatial and temporal coordination between
MEMGs.
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Fig. 9. Energy sources at three MEMGs. Upper row: without MEMG interconnections; Lower row: with MEMG interconnections.

by Type 2, 3, and 4. In Type 2, when the energy resources are redun-
dant, the essential load curtailment is significant, and limited EVs can
provide energy shifting operations in MEMG B, resilience enhancement
can be achieved through the spatial coordination by using EV flexibility
in MEMG A. In Type 3, EVs of MEMG B can absorb the excess energy re-
sources in MEMG A to reduce the local load curtailment. Moreover, EVs
in MEMG A can also temporally shift local energy to support the load
in MEMG B as shown by Type 4. In addition to mitigating load curtail-
ment, these coordination strategies can also potentially avoid the local
network congestion because of the temporal and spatial flexibility of
EVs. As a result, the value of EVs is further increased through providing
resilience to other MEMGs.

The energy sources in the three MEMGs by using proposed iterative
coordination strategy are shown in Fig. 9. Without the interconnection
between MEMGs, EVs provide V2G service only to reduce local load cur-
tailment. The essential loads in MEMG 1 and 3 are fully supported by
the local electricity resource together with the EV discharging. Although
MEMG 2 has the most amount of local controllable generation and the
available PV power among these MEMGs, there is a significant essential
load curtailment that is represented by the solid red area because of the
limited EV flexibility. While the interconnection lines are established,
more electricity power in MEMG 2 before the disruptive event is deliv-
ered to charge EVs in the other two MEMGs and released back to support
the essential load after 4:00 PM. By taking advantage of the spatial and
temporal coordination, the essential load curtailment in MEMG 2 has
been removed.

11

Furthermore, in a system with multiple MEMGs, the flexibility of
demand response in each MEMG and the interconnection capacity can
influence the performance of proposed method on load curtailment mit-
igation. To evaluate the impact of EV distribution and the interconnec-
tion capacity on resilience performance, sensitivity studies have been
conducted and the resulting essential load curtailment are compared
in Fig. 10. According to the interconnection capacity, the simulations
are classified into four groups. In each group, there are three scenar-
ios of total EV number. For each scenario, two simulations with dif-
ferent EV distribution in the MEMGs are considered. Overall, it is ob-
vious that the essential load curtailment decreases with the increasing
number of total EVs connected to the MEMGs and the increase of in-
terconnection capacity. Specifically, when the interconnection capac-
ity is limited, the amount of essential load curtailment depends on the
EV distribution. For example, the essential load of MEMG 3 is fully
supported whereas MEMG 2 has a significant curtailment in the sce-
nario of A/A’ and interconnection capacity no more than 1 MW. Mean-
while, it is observed that the EV spatial distribution has higher im-
pact on the load curtailment when the EV number is limited. The dif-
ference between scenarios A and A’ is 1 MWh whereas the gap be-
tween scenarios C and C’ increases to 3.8 MWh as the EV number de-
creases. If the interconnection line is reinforced to 4 MW such that
there is no power exchange congestion, the load curtailments in these
three MEMGs are even which are not affected by the EV distribution,
and the total curtailments are significantly reduced, e.g., by 61.5% in
scenario A from 38.24 MWh at 0 MW line capacity to 14.73 MWh.



Z. Dong, X. Zhang, N. Zhang et al.

120

uMEMG 1 B MEMG 2

100

80

60

40

Essential load curtailment (WMh)

20

A A

B B CC|AA BB CC|AA BB CC

Capacity 0 MW Capacity 1 MW Capacity 2 MW

Moreover, it is also noted that the increase of EV number is more ef-
fective to reduce total essential load curtailment at high interconnec-
tion capacity, which further implies the superior performance of spatial
coordination.

5. Conclusion

In conclusion, this paper proposes a novel distributed optimisation
methods for numerous heterogeneous EVs to enhance resilience of an
urban energy system. The distributed coordination strategy provides an
optimal energy distribution in networked MEMG clusters while perform-
ing distribution congestion management and smart load curtailment
management. Through effective energy allocations and V2G provision
across different MEMGs, the overall curtailment of essential load can be
significantly mitigated.

The proposed distributed coordination strategy is firstly applied to a
single MEMG system. By using the smart load curtailment management
technique, the load curtailment is flattened so that significant fluctua-
tion for the imbalance between demand and supply is avoided. Mean-
while, the total essential load curtailment is reduced by 30% compared
to the case where the smart load curtailment management is absent. Re-
garding the computational performance and optimality, as opposed to
the centralised optimisation approach, the distributed algorithm signif-
icantly reduces the computational time with less information exchange
for a large population of EVs, but the resulting essential load curtailment
is slightly higher.

In the second part of simulation, three MEMGs are considered. Re-
sults show a considerable benefit of MEMG coordination through inter-
connection lines to ease the restrictions of uneven distribution of the
local resources and the flexibility in different regions. The results show
that the essential load curtailment can be further reduced by 61.5% when
the interconnection line is reinforced such that there is no power ex-
change congestion. Furthermore, EVs in different MEMG clusters can
exchange energy taking advantage of spatial and temporal flexibility
to reduce the overall load curtailment during the outage, which in the
meantime provides an opportunity to prevent from local network con-
gestion.

The outstanding performance in load curtailment alleviation and
limited computational time make the distributed coordination strat-
egy a promising tool for the operational planning of urban energy sys-
tems. Indeed it could be integrated into a rolling horizon control frame-
work to optimise the operation of multi-energy systems in real time.
Such extensions of the method will be the research topics of future
work.
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Fig. 10. Essential load curtailment at different EV number and
interconnection line capacity scenarios. (A: N, = 2000, N, =
1000, N5 = 3000, A N, = 1000, N, = 2000, N; = 3000, B: N, =
1000, N, = 500, N = 1500, B: N, = 1500, N, = 1000, N; = 500,
C: N, =500, N, = 200, N; = 300, C: N, =300, N, = 500, N; =
200)

MEMG 3

B B C C

Capacity 4 MW
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