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Abstract: For an uncertain microgrid with integrated electric vehicles (EVs), a distributionally robust
scheduling algorithm is proposed. First, Monte Carlo simulation is adopted to generate the uncertain
region of charging/discharging scenarios for EVs, and a hybrid scenario set for renewable energy and
normal load is generated via FCM clustering. In the day-ahead scheduling stage, with the feasibility
of the hybrid scenario set and its probability-weighted performance index of the economic cost as the
objective function, the optimal power output of the microgrid equipment is calculated to achieve
optimal performance of hybrid scenarios by using the column-and-constraint generation algorithm.
Subsequently, a robustness test is conducted to ensure the feasibility of the day-ahead optimal solution
for any scenario. In the intraday scheduling stage, real-time data on renewable generation, normal load,
and electric vehicle are utilized to optimize power adjustment of the day-ahead solution. Results show
that the proposed method improves the economic performance of the microgrid system. Simulation
cases verify the effectiveness of the proposed method.

Keywords: microgrid; electric vehicle; typical scenarios; extreme scenarios; hybrid scenarios; robust
economic dispatch

1. Introduction

Microgrids are an important way to implement a large-scale application of distributed power
supply. This new energy management mode realizes energy self-sufficiency and improves energy
utilization, integrating distributed power supply, energy storage system, load, and its control
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components to form a complete, efficient, and adjustable minigrid. In order to ensure the economic
and reliable operation of the microgrid as well as the users’ demand, the equipment power output needs
to be optimally configured to achieve the interaction between the microgrid and the larger grid. In
recent years, with the rapid development of electric vehicles (EVs), large-scale EV connecting into
microgrids has increased the load, peak-to-valley difference, and volatility, which in turn leads to a
degradation of power quality [1-3]. The technical development of vehicles to microgrids [4] will use
EVs as loads or energy storage devices, reducing consumers’ electricity costs and ensuring the safe
and stable operation of the grid through rational planning. Therefore, it is of great theoretical value and
practical significance to consider the uncertainties of new energy, load, and EV (charging and
discharging) so as to design a robust optimization for microgrids connected to EVs.

With the incorporation of EVs into optimal microgrid scheduling, researchers have developed
deterministic microgrid optimization and uncertain microgrid optimization. Taking EV demand
response and interruptible loads into account, Reference [5] constructed a deterministic optimal
scheduling framework for islanded microgrid systems with the objective of minimizing system
operating costs; Reference [6] leveraged the flexibility of EVs to mitigate the intermittency of
renewable energy, establishing a deterministic optimization model that coordinates the control of EV
charging/discharging (V2G), energy storage systems, and conventional generators to achieve
maximum on-site consumption of renewable energy and minimize operational costs; Reference [7]
investigated cross-microgrid energy transactions involving EVs within multi-microgrid systems. A
two-layer deterministic optimization model was constructed, where the upper layer represents the
microgrid alliance coordination layer, optimizing transaction prices and power flows between
microgrids, and the lower layer constitutes the autonomous microgrid layer, where internal
resources (including EVs) are scheduled based on the upper-layer electricity prices. Other works [5—7]
have ignored the uncertainty of new energy sources, loads, and EV charging and discharging power,
resulting in prediction errors and conservatism in scheduling inaccuracies.

In microgrids, there are uncertainties, including interval/box sets, polyhedral uncertainty sets, and
ellipsoid/covariance sets. Reference [8] optimized system performance under worst-case scenarios to
ensure system robustness based on interval box sets. Reference [9] employed convex hull uncertainty
sets to identify and remove outliers from historical data using graph neural networks. It constructed
convex hulls based on renewable energy sources (RES) unit pairings, enabling flexible adjustment of
conservatism  while maintaining computational tractability. Reference [10] utilized
ellipsoid/covariance sets to significantly reduce vertex counts while approximating convex hull
volumes, thereby balancing robustness and computational efficiency in planning problems.

Uncertain optimization for microgrid connecting to EVs [11] has focused on stochastic
optimization [12,13] and robust optimization [ 14—17]. Reference [12] employed an adaptive stochastic
optimization framework to address solar microgrid design and scheduling challenges. It
simultaneously proposed a two-stage mixed-integer model for the optimal layout and planning of
distributed generation units and energy storage system units. Reference [13] addressed the challenge
of resolving grid imbalance characteristics coupled with the randomness of renewable energy,
electricity prices, and electric vehicle demand, by proposing a stochastic multi-objective optimization
model suitable for grid-connected unbalanced microgrids. The model aimed to minimize both total
operating costs and voltage deviation. Reference [14] proposed a two-stage low-carbon robust
optimization scheduling model that accounts for EVs, distributed generation, and load uncertainty.
This model optimizes scheduling schemes for minimum operating costs under worst-case scenarios
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while conducting a detailed analysis of microgrid operating costs under different EV charging modes
and the impact of carbon trading mechanisms. Reference [15] proposed a cluster optimal scheduling
method for EV clusters with uncertainty in the participation of EV users in demand response.
Reference [16] improved a linear decision rule-based microgrid-adjustable robust operation model to
reduce the solution conservatism in dealing with renewable energy uncertainty.

For microgrids with V2G-capable EVs, Reference [17] established a two-stage robust
optimization framework with a min-max-min structure. Within this framework, both unordered
charging and ordered charging/discharging models were developed by using a C&CG algorithm. All
of the above studies focused on the worst-case scenarios and constructed robust optimization models
to achieve optimal economic performance for such scenarios, without taking into account the
performance of other scenarios. Since a worst-case scenario usually has a very small probability of
occurring, the above strategy often shows great conservativeness, sacrificing economic performance;
this needs further improvement.

To address the uncertainties in new energy sources, normal loads, and the charging and
discharging power of EVs, this paper adopts a data-driven approach to generate multiple scenarios
including typical scenarios, extreme scenarios, and predictive scenarios. These scenarios are then
integrated into a hybrid set to enhance coverage. Based on the hybrid set, a robust optimization method
is proposed to optimize the power output of each generation unit and the charging/discharging power
of EVs. By optimizing the performance of a hybrid scenario set, the model generates a day-ahead
optimal solution that better matches the probable intraday scenarios. The day-ahead optimal solution
is passed to the intraday dispatch phase. This approach reduces the adjustment cost of real-time
operations, thereby enhancing the overall economic performance of the EV-integrated microgrid system.

The hybrid scenario set integrates typical, extreme, and forecasted scenarios, providing
comprehensive coverage. This produces a day-ahead schedule better aligned with actual intraday
operations, enhancing economic performance. In contrast, standard distributionally robust
optimization focuses on worst-case optimization, often reducing adaptability and economic efficiency
when real conditions deviate. Thus, the proposed method offers a structural approach superior to
standard distributionally robust optimization. Unlike standard stochastic programming, which requires
exact probability distributions, the proposed method uses only historical data, enhancing practicality.
It solves the complex semi-infinite optimization via a two-stage game framework. This decomposes
the problem for parallel processing and establishes an iterative cycle between data-driven optimization
on a hybrid scenario set and robustness verification. This interactive mechanism ensures reliable
constraint satisfaction and converges toward a globally optimal solution, fundamentally differentiating
it from standard stochastic programming with robust constraints. This approach demonstrates greater
universality in practical applications.

2. Microgrid configuration and mathematical modeling
2.1. Basic structure of a microgrid
The grid-connected microgrid system consists of components such as photovoltaic (PV)

generation, distributed controllable generation (e.g., diesel generators), energy storage systems, normal
loads, demand response loads, and EVs. The specific structure is shown in Figure 1.
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Figure 1. Schematic diagram of a microgrid structure.
2.2. Modeling EV orderly charging and discharging behavior

It is assumed that all EVs connected to the microgrid are private vehicles, and their travelling
conforms to a certain regularity. For the battery configuration, the vehicle lithium battery is chosen to
have a capacity of 30 kw, an average power consumption of 0.2 kw/h, and a charging power 0.9 kw.

2.2.1. Probability distribution of daily mileage travelled

According to statistics regarding the characteristics of private EV travel, the daily mileage of
private vehicles approximately follows a lognormal distribution, and the end time of driving obeys
normal distribution. This study assumes that vehicle owners start charging immediately upon trip
completion; therefore, the charging start time is also modeled with a normal distribution. The behavior
of EVs is modeled based on traveling patterns and habits of conventional private cars [18]. The
expression of the probability density function obeyed by the daily travelling mileage is as follows:

[_(hlx—ﬂp) ] (1)

fD(x) = 2502

1
exp
X0, \/ﬂ

where 4, =3.20; ¢, =0.88, and the probability density curve for the daily mileage of an EV can be

plotted, as shown in Figure 2.
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Figure 2. Daily mileage probability distribution curve of EVs.

The EV return time obeys a normal distribution, and its probability density function can be
expressed as follows:

2
o2 o

! exp[—(xz_”’) ],y,—12<x<24
fi(x)= .
(x—(x —24))

1
exp| — O<x<u —12
SESRETES ]

2

where u =17.47; 6, =3.41 is chosen.
2.2.2.  Modeling orderly charging and discharging of EVs

According to the characteristics of orderly charging and discharging, EVs will be controlled to
discharge during peak load periods and charge during low load periods. The requirements for charging
and discharging are as follows:

(1) From 8:00 to 17:00, some EVs leave the microgrid due to users’ workday. The remaining EVs
will stay in the microgrid park, subject to the microgrid’s economic dispatching.

(2) From 18:00 to 23:00, EV users return home from work, and the microgrid enters its peak load
period. To mitigate this, the microgrid schedules EVs to discharge, thereby alleviating the load pressure
on the microgrid system. If SOC < 0.3, EVs are required to stop discharging to maintain battery life.

(3) From 24:00 to 7:00, the microgrid system enters a period of low load demand and relatively
low electricity prices. Therefore, the microgrid schedules EVs for charging.

The latest charging and discharging time for EVs can be expressed by the following equation:

AIMS Energy Volume 14, Issue 1, 235-258.
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_ASOC-C,,  SW

. Pdis 1 OOPdix (3)

max

where SOC 1is the deviation value from maximum capacity for the state of charge, W is the power

consumption per 100 km, and £ is the discharge power. The daily mileage S can be calculated by

using Eq (1).
Adopting the Monte Carlo method, the fitting curve of EV charging and discharging power is
obtained for the EV statistics of the microgrid, as shown in Figure 3.
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Figure 3. Electric vehicle charging and discharging power curve.
2.3. Mathematical modeling of microgrids
2.3.1 Micro gas turbine
The micro gas turbine is chosen as the core distributed generation unit, and key constraints and
costs involved are as follows:

Generation power and climbing rate constraints are described as follows:

AP/Sn(i;nSPDG(t)_PDG(I_l)SAPLgX (4)

Py < Py (1)< Py (5)

where P,.(f) denotes the output power of the micro gas turbine at time t, Ppe /Py are used to
represent its maximum and minimum output power, respectively, and AP / APy denote its

maximum and minimum climbing rate, respectively.
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The cost function of the micro gas turbine is:

Cp (1) =[K 6 + K 1By (DA (6)

where K); indicates the operation and maintenance cost coefficient of the micro gas turbine, K,

indicates its fuel cost coefficient, and Ar indicates the sample time interval.
2.3.2 Renewable energy

Renewable energy sources include photovoltaic and wind generation, which are usually derived
from natural processes. Without loss of generality, photovoltaic (PV) power generation is selected to

represent renewable energy and is denoted as B,(®) in this paper.

2.3.3 Energy storage unit

The energy storage unit can effectively reduce the peak-valley gap and improve the economy of
the microgrid. The dynamic equation of charging and discharging is described as follows:

Ey(1) = Ey(0)+ 3 [P ()M -~ S [P (1)Ar]
t=1 = (7)
Psch (t) /Rgdis

where (") are the charging and discharging power of the energy storage unit at time

t respectively; 77 represents the charging and discharging efficiency; £s() denotes the state of

charge of the energy storage unit; and Nr s the scheduling period.
The following constraints of energy storage unit also need to be satisfied:

EM<E(t)<E™

®)
0< P <8 ()P™ ©)
0< PP (1) <[1= 85 ()]P™ (10)

min max

where “s /®s  are the minimum and maximum values of the state of charge allowed for the energy

storage unit, respectively; E™® s the maximum charge/discharge power allowed for energy

storage; and %) jsa binary variable that represents the status flag of charging and discharging.
In order to make the cyclic scheduling of the energy storage unit more convenient, the following
constraint is also imposed:

ES(O):ES(NT) (11)

The cost function of the energy storage unit is formulated as follows:
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Cy (1) = Ky [P (1) + - P (1))
7 (12)

K

where s denotes the maintenance cost coefficient of the energy storage unit.

2.3.4 Demand response load

In this paper, the microgrid load includes normal load and demand response load. As for the
demand response load, the constraints are described as follows:

iPDR (t) = DDR
(13)

Pin <P () <P (14)

where F,,(f) denotes the actual electricity power of the demand response load at time t; D,, denotes
the total load amount over the overall scheduling period; and P/ Py are the minimum/maximum

power consumption of the demand response load, respectively.
The demand response load can be flexibly regulated with the following adjustment cost:

CDR(Z) = KDR |PDR([) _PD*R(t)|At

(15)
where Tor (®) denotes the expected electricity plan of the demand response load at time t, and Ko
indicates its adjusted compensation cost coefficient. By introduction of auxiliary variables Pors oz ,
Eq (15) can be linearized as follows:

Cpr (1) = Dpg [ Bppy () + P, (D]AL (16)
PDR(t)_P;R+PDRl(t)_PDR2(t):O (17)
P (t)20,P,, ()20 (18)

2.3.5 Power interaction of a large grid

The microgrid interacts with the power from the main grid to deliver power to the main grid when
there is an excess of renewable energy generation, and to obtain power from the main grid when there
is a shortage of generation, thereby regulating its power balance. To ensure that the microgrid can
operate stably and meet the following constraints:

0<P™ () <U,, ()™ (19)
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0< P () <(1-U,, ()P (20

P (1) /Pg"” U, ()

where denote the purchase/sale power, respectively;

max

power purchase/sale operation; and "¢ represents the maximum value of power interaction with the
larger grid.
The cost function for interaction with the large grid is formulated as follows:

indicates the status flag of

C, =K [P (t) - P2 (1)]At 1)

where Ks(®

represents the day-ahead electricity price of the large grid.
2.3.6 Power balance constraints for microgrid system

The microgrid has to maintain a power balance at every moment during its operation; thus, the
following power balance constraints should be satisfied:

P2 (6)+ Pog (6)+ P 4 By (1) + PE(1) = P (0) + P (1) + Pog(6)+ P (1) + PEA(D) (22)

ch dis
Py (t)/ Py (1) denote the charging/discharging power of EVs.

where
2.3.7 The economic cost function of microgrid

The economic cost function of the grid-connected microgrid is formulated as:

min 3 [Coo 1)+ Cy (1) + Cou) + C, (0] 23

3. Data-driven hybrid scenario sets
For microgrids, the uncertainty of new energy, normal load, and EVs can be described as follows:

u=[u,, O)u,(O,u, )] R, t=1,2,-, N
(O €[, ()= Al i, (1) +A™ ]
u, (1) €[, (1) = Aul™ i, (1) + AT ]

Ugy (1) 6[ Upy Ok Au;‘JV > AEV )+ AE! :' (24)

/|

where “r, Y and Y& denote the actual power value of photovoltaic power, normal load, and

electrical vehicles, respectively; @, , "o and Y& denote the predicted value of photovoltaic power,

. . . Au max Au max Au max
normal load, and electrical vehicles, respectively; and o L and

maximum fluctuation range for photovoltaics, normal loads, and EVs, respectively.

represent the

AIMS Energy Volume 14, Issue 1, 235-258.
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Within the uncertainty set, the worst-case scenario usually occurs at its boundaries. Therefore,
Eq (24) can be converted into:

u; e[uPV,uL,uEV]T e R
w, () =u; ) +(z), — 7, ) Au,(0)
U'=47,.7;, € {0,1}

r, +7,, <1

Ny
;, +7., <I.,je{PV,LLEV
J
=1

Jit T

(25)

where 77 are the binary variables, and ULy denote the time intervals during which the
PV/load/EV power can deviate to its boundaries, respectively.

As is well known, robust optimization based on the traditional tube uncertainty sets Eqs (24)
and (25) mainly focuses on the performance of worst-case scenarios. The corresponding solution has
some conservativeness, and performance will be degraded, especially when real conditions deviate
from the worst-case scenarios. To overcome conservativeness, this paper adopts the following
clustering method to derive typical scenarios and extreme scenarios with probabilistic distributions
from historical data.

3.1. Generation of typical scenarios and probability calculation

Typical scenarios, extreme scenarios, and their probabilities will be generated using the FCM [19]
clustering algorithm. For M historical scenarios data, the FCM clustering algorithm is applied to

c

generate N clusters of scenarios Ui , 1=L2...N "in which the i-th scenario Ui encompasses M,
N
Y M, =M U

historical scenarios with = . The center of ~¢ is chosen as its typical scenario

[ r_ t_ [t ot t
u =12 N i initial probability 2 =M /M [20]. The set U’ = {Hstherontih]

typical scenarios, is defined as the typical scenario set.

, consisting of

3.2. Generation of the extreme scenario and its probability

From the i-th scenario cluster Ui , choose an extreme scenario that has the smallest affiliation

u; (i=1,2,-

t
with typical scenarios “ and denote it as M) The initial probability of the extreme

. P =1/M . TS
scenario is calculated by i . In a similar way, N extreme scenarios !’

obtained from N clusters of scenarios.

u u

e e e
N> %N can be

3.3. Hybrid scenario sets and their probabilities

e e e e
U ={u1,u2,...,u,v}

Placing typical scenarios, the extreme scenario sequence , and the predictive
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h_{ h ok Kook
U _{ul auza"'vuzzvauzzvn}

scenario “ together, the hybrid scenario set is formed, whose elements take

the following values:

u' =u/,1<i<N
w' =u’,N+1<i<2N

h A
Uy = U

(26)

o
Uy Uy,

h
Specitying 728+ as the series of clustering centers, historical scenario data are clustered

again using the FCM clustering algorithm. For u (;=1,2,...,2N+1), if K, historical scenarios are

reassigned to it by the FCM clustering algorithm, its probability will be denoted as p! =K,/M . By

analogy, the probability p[,p,...,phy,Phy., can be obtained.

4. Robust optimization algorithm for an uncertain EV-integrated microgrid under hybrid
scenarios (HSEV-RO)

4.1. Day-ahead scheduling

In order to better balance the performance of each scenario, this paper designs a robust
optimization algorithm based on the performance of hybrid scenario sets, which can be expressed in
the following compact form:

2N+1
h

. T *
min z pmc ym
B =

(27)
s.t. Dx+ Fy, >Gu' - H
Dx+ Fy, >Gu) - H
Dx+Fy:N+l ZGugNﬂ -H (28)
VueU ,3y:Fy>Gu—-Dx-H (29)
=@ 0y ) (30)
X, e{O,l},Vie(l,Z,---,2NT) 31)
y;20,y20,j€(,2,--,2N +1) (32)

with the following symbol abbreviations:
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x=[Us(),U, )]
PDG (t)a PSCh (Z)’ ]);ﬁS (t)ﬁpDR (t)’PDRl ([)’PDRZ (t)
y = .
P (0), B (0), By, (1), P, (2), Pt (1), P () (33)

where c¢ is the coefficient column vector corresponding to the microgrid cost functions (6), (12), (15),

h T _ * T _* h
and (21), P»¢ Yn indicates the multiplication of their operation costs € 7» for scenario “» and the

corresponding probability P»; D, G, F, and H denote the coefficient matrix and column vector

corresponding to microgrid constraints (4), (5), (7-11), (13), (14), (17-20), respectively. Eq (27)
incorporates both the operation cost and probability of the hybrid scenarios. Therefore, it efficiently
enhances economics not only for the high probability scenarios but also for extreme cases with
low probability.

Equation (29) guarantees the feasibility of microgrid optimization with uncertainty. Even for the
worst case, the method can also generate feasible and efficient scheduling schemes, which significantly
improves the performance of microgrid operation.

X =[U;() U,0] 1,4

ensure that this pre-scheduling solution is also feasible for other scenarios in the uncertainty set U "
robust tests will be designed.

The optimization problem (27) generates the pre-scheduling solution

4.2. Robust testing model

By introducing slack variables 7" 20, 7~ 20 for the power surplus/deficit, the power balance
equation is rewritten as follows:

By (0)+ Pog () + B + By (1) + Py = Py (0 + B (1) + Py () + P () + Py 17" 417 (34)

The cumulative value of the power gap over the entire scheduling period is defined as follows:

Nr
R(x) = max min er +r

uel yut.r p= (35)

Based on Eq (35), the optimization problem (27) is transformed as follows:

2N+1
h

. .
min )" pic’y,
*y m=1

st.Dx+ Fy, > Gu, — H

Dx + Fy;NH 2 Gu,y,, —H
R(x)=0

(36)

where R(¥) =0 indicates that the power balance of the microgrid system can be satisfied when PV,
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normal load, and electric vehicle charging/discharging power vary within the uncertainty set.
By applying the strong duality theory, the max-min problem in Eq (35) is transformed into a max
problem, and the final robust test model is obtained as follows:

Nr

—_ + max min
R= . Mmax +Tj.t’T/tZ{_P o +Be'o +
[ RN A =

b+
7m0, .0, K8

+ -
O O Y 25 52>

[-E™ + E(0) ]z, +[ E™ - Eg(0) ]z,
UG () B™ a1 +[Us (1) =1]B™ B
+D e, = P 0 + P60 + Poy (1),
Uy, OB s +[Uy, (0 - 1]R o ]
4 [P (0)-am ]

4| Po (0)+ AP |+ w Eg (0)
i( A AR + A7 AP ) +

[y, (1) +10, () = tipy (1)]o, +
AuEV( )( Zgyy T EVt)+AuL( )(th,z _Z;,t)

—Autpy, ( )(va,, - EPV,! )} (37)

st—A"+A4 +A, -4, -

—u A+ —n-At-x) —O',SO,VZG[I,NT—I]

o +¢ +0,<0,Vie[l,N, 1]

1
18t+ +ﬁt7_;'At.ﬂ’++ar SO’VIE[I’NT _1]

-1<0, <1,Vie[l,N;]
-6 +0 +0,<0,Vte[l,N;]

—& +& +0,<0,Vte[l,N;]

—o +o, —0,<0,Vte[l,N;]

—e +e —a,, +a,<0,Vie[l,N;]

—ﬂ;,T + Ay, _‘PNT +@y +o, <0

—ey tey tay +y <0

r,,€1{0,1}

T+T <1

Jit =

N
;.7

ZT;J +17,,<T,,je{PV,LEV}
- (38)

Remark: The constraints attached to the optimization problem in Eq (27) are derived from
Eqgs (4), (5), (7-11), (13), (14), (17-20), and (22) by use of the strong duality theory. In Eqs (37)

+ - + - + - + + + - + +
and (38), /1’, /1’, bo, O, B B B ﬁ’, v, 9’, 9’, K., &, @ 9 are the introduced

dual variables, being non-negative and ¢ MR \PV.LEV] . Each dual variable
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corresponds to its respective formula as follows: 4 ,’1’7 corresponds to formula (4), %, 9.

i corresponds to formula (8), # corresponds to formula (9), B

corresponds to formula (5), ",

corresponds to formula (10), ¥ corresponds to formula (11), 7" corresponds to formula (13), ” ,

Z corresponds to formula (14), *¢ corresponds to formula (17), ¥ corresponds to formula (19), “

corresponds to formula (20), and % corresponds to formula (22).
For ease of data citation in the following text, the power output of energy storage unit, electric
vehicle, demand response load, and grid interaction obtained in the day-ahead stage are denoted as

B0/ B (Z), By 0/ By (t), For (t), and L o B , respectively.

4.3. Intraday scheduling

Considering that the dynamics of energy storage unit (EV battery system) have strong time
coupling characteristics, and the demand response load has the total amount over the overall scheduling
period, the power output of the energy storage unit, electric vehicle, and demand response load in

ch” dis” ch” dis” *
intraday stage is required to retain the value of KO/ F @) , By ()1 By (1) , and For (l). Thus, the

power output of the micro gas turbine and grid interaction will be adjusted in the intraday stage.

The actual power output of the micro gas turbine, denoted as Fpe (0 , 1s adjusted by minimizing

the following penalty cost:

Crt (1) = K o[ B (1) = P (0] + CH (1) (39)
CDPZ (t) = KZ)de maX[PDG (t) - PD*G (t), 0] + ngGc min[ﬁDG (t) - P;G (t), 0] (40)
K . . Kadd / Kdec
where “2¢ denotes the operation and management cost coefficient, and ~2¢ " 72¢ are the penalty

coefficients introduced to limit the power adjustment magnitude.

P

By introducing auxiliary variables Foi (1) , DGZ(t), Eq (40) can be linearized as follows:

A

Fog (t);P;G (Z)]’_(Kgoéd _ngGc)|:PDGI (t)'HDDGz (t)}

Che (1) =(Kid +Kg:){

’ (41
P (1) = Pog (1) + Pogs (1) = P> (1) = 0 (42)
P ()20,P,,(£)>0 (43)
The adjustment cost function for the main grid interaction is formulated as follows:
=K, ([ 2 ()= (0] -[ 2" 0-B" 0 ]|+ )
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cr (1) = /I(t){K(‘;"dmax[f’g”y (1) = B2 (£),0 |+ K& min| B2 (1)~ P2 (1),0 |+
Kg“nmx[éfkﬂ—fg”axo]+Kfﬁﬂm[é¥%9—fy”a)0} 45)

Dbuy Dsell
o (e) 1 B3 (1) denote the actual purchased power and sold power, respectively; Ko

Kgdd / K gec

where
represents the adjusted coefficient; and denote the penalty coefficients for grid interaction.

buy buy sell sell
In a similar way, by introducing the auxiliary variables B () , By () , B () , Fe , Eq (45)
can be transformed as:

Dbuy _ huy‘ buy buy
Cgen (t):KG{<Kgdd +ngc){PG (t) F (t):|+(Kgdd _KzGJec)|:PGl (t)+Pcz (t)}+

2 2
. ﬁsell 1) — Psell' ¢ . 5 Psi’ll t)+ Psell t
(Kgdd+Kg¢ )|: G ( )2 G ( ):|+(ch{1_1(2 ){M}}
(46)
B ()= B (0)+ B3 (6) = B (1) =0 47)
B (0B 0+ B ()12 (=0 )
By (020, B (020, Py (1)20, P2y (620 (49)

The magnitudes of coefficients Ki“ and K:“ are relative, and their values should maintain a

reasonable ratio. The relationship between Ki< and KZ* is the same.

Consequently, the power balance equation can be reformulated as follows:

B O+ B0+ B 0+ By (0 + Py (0= B (0 + B 0+ Py (0 + B, (0+ B () (50)

where £ and 1O represent the actual power output of PV and normal load, respectively.

In summary, the intraday scheduling problem can be formulated as follows:

: adj adj
) min_ (CDé (t)+CG’(t))
PDGJ)DG] 'PDGZ’P(’}”[l ’Ptlvz’lly’
LN

5.2.(4)(5),(19)(20),(42)(43),(47) — (50) (51)

4.4. The process of the HSEV-RO algorithm

Day-ahead scheduling stage:
(1) Initialize the number of iterations k = 0, and the system power gap is 0. Generate a collection

of hybrid scenarios U = {u, JUy syl N+l} based on the scenario clustering algorithm.

(2) Solve the pre-scheduling model as follows:
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2N+1
. h T *
min Y p,c’y,
m=1

s.t. Dx+Fy, >Gu, — H
Dx+ Fy, > Gu, - H

Dx + Fy;N-H 2Guyy, —H
Dx+ Fy, >Gu, —H,Y0<I<k (52)
and the optimal solution (x;,,, Yy Yaxe» > Vansiea) C€an be obtained.
(3) Execute robust testing in Eq (37) for x,,, and calculate the power gap R,.,.If R, #0, the

following constraint is added to the pre-scheduling model (52), and the procedure jumps to step (2).

Dx+Fy.,, 2Gu,,, —H

(53)
. R 2N+1 .
If R, =0,itindicates that x_, is a robust feasible solution. Thus, » = D phys s selected.
m=1

Intraday scheduling stage:

(4) Measure the actual power output of PV and normal load P2, (¢)/ 2.(1) . Solve the optimization
problem (51) to obtain B, (r), B (¢)/E:"(¢). Then, the optimal intraday solution is comprised of
Bios P IR Blr), B ()12 ().

The flowchart is shown in Figure 4.

Start

Set the number of iterations
k=0,x,=0,R, =0

Adopt Eq.(26) to construct hybrid
SCENarios U* ={u'ul,...uly.uly.,}

Solve optimization problem (27) to
. k=k+1
obtain x; and y;

‘ Add Inequation(53) ‘

Robustness verification (37) for the x;

Solve optimization problem(51) ‘

Figure 4. Flowchart of the HSEV-RO algorithm.
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5. Simulation results and discussion

To evaluate the effectiveness of the proposed algorithm, the grid-connected microgrid system
connecting to EVs shown in Figure 1 was simulated. All simulation calculations were performed on a
personal computer equipped with an Intel 15-9600 processor and 16 GB of memory, utilizing the
MATLAB R2023a platform and IBM ILOG CPLEX 12.10.0 software.

The relevant parameters of the microgrid are listed in Table 1, and a time-of-use electricity price
was adopted and shown in Figure 5. The number of clusters was set to N = 3, and the corresponding
hybrid scenarios for the PV, normal load, and EV are shown in Figures 68, respectively.

Table 1. Operating parameters of the microgrid.

Unit Parameters Numerical value
Micro gas turbine B P | kw 80/800
AP | AP | fow 600/600
Kpe | K | (CNY / (kw-h)) 0.5/0.15
Ko | Kpes / (CNY [ kw- h) 0.5/-0.5
Energy storage P™ [ kw 500
E{™ /Eg™ / (kw-h) 300/1500
Eg(0)/ (kw-h) 1000
K /(CNY / (kw-h)) 0.38
n 0.95
Demand response load Dy T hw-h 2940
B P [ kw 30/200
K, / (CNY / (kw- 1)) 0.32
Power interaction B [ (kw-h) 1500
K& | K& | (CNY | kw-h) 1.0/-0.8

Trading prices /CNY

Figure 5. Distribution of electricity
trading prices.
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Figure 7. Normal load of the hybrid and
simulation scenarios.
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Figure 8. EV power output of the hybrid
and simulation scenarios.

As shown in Figures 6-8, three simulation scenarios are selected: simulation scenario A,

simulation scenario B, and simulation scenario C.

The simulation results are shown in Figures 9—13. As shown in Figure 9, during the periods 1:00-7:00
and 20:00-24:00, PV generation is unavailable, and the day-ahead electricity price is lower than the
generation cost of the micro gas turbine. Therefore, the micro gas turbine operates at a lower power
during these two periods. From 8:00 to 23:00, it runs at the maximum power to improve the economy
by selling more power to the main grid (or reducing purchases).
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Figure 9. Power output of the micro gas
turbine.
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Figure 10. Expected/actual electricity plan
of the demand response load.

As shown in Figure 10, the actual electricity plan is lower than expected during peak
periods (8:00-11:00 and 19:00-23:00). During off-peak periods (1:00-7:00 and 24:00), the actual
electricity plan exceeds the expected. By shifting deferrable loads from peak to off-peak periods, this
strategy effectively achieves peak shaving and valley filling and significantly reduces the overall

operating cost of the microgrid.

Figure 11 shows the power output of the energy storage system. A positive value indicates

AIMS Energy
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discharge power, and a negative value indicates charge power. Under the guidance of time-of-use
electricity price mechanism, the energy storage system is charged to store power during the periods of
low electricity price (1:00-3:00 and 24:00). Similarly, the energy storage system is discharged during
periods of high electricity price (9:00-10:00 and 22:00-23:00). The energy storage system effectively
shaves peaks and fills valleys and significantly improves the economy of the microgrid.
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Figure 11. Power output of the energy

Figure 12. Power interaction of the microgrid.
storage system.
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Figure 13. Charging and discharging
power of EVs.

Figure 12 shows the microgrid’s power interaction with the main grid, where a negative value
indicates power purchase and a positive value indicates power sale. During the low-price valley
periods (1:00-7:00, 24:00), the system primarily purchases electricity from the main grid to maintain
balance, which is more economical than operating the gas turbine. Conversely, during the high-price
peak periods (9:00-11:00, 17:00-21:00), the gas turbine operates at maximum output to sell excess
electricity to the main grid, thereby enhancing the microgrid’s economic return.

Figure 13 shows the power output of EVs. During the evening peak load periods 19:00-22:00,
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plenty of EVs connect to the microgrid and participate in concentrated V2G discharging, eftectively
reducing the peak load. For the low-price valley periods (1:00-7:00, 23:00-24:00), charging is
scheduled to meet the next day’s travel needs at a lower cost. During daytime hours (7:00—17:00), even
short-stay EVs participate in orderly dispatch. EVs are scheduled to discharge during high-price
periods (7:00-11:00) and charge during lower-price periods (12:00—15:00). This strategy of charging
during low-price periods and discharging during high-price periods effectively achieves peak shaving
and valley filling while leveraging the time-of-use electricity price mechanism to enhance
microgrid’s economics.

Reference [17] designed a traditional two-stage robust optimization for EV-containing microgrids,
which optimized the performance corresponding to the worst scenario (labeled as “Algorithm Ref-[17]”
for ease of citation). Reference [21] designed a microgrid scheduling optimization based on the
expected scenario, which can achieve the goal of “optimal for the expected scenario and feasible for
worst scenario”.

Note that the scheme in Reference [21] does not consider EVs. In order to make it possible to
compare that with the proposed HSEV-RO algorithm, it is necessary to appropriately modify it by
introducing EVs; the modified scheme is labeled as “Algorithm M-Ref-[21]”. The comparison of
economic performance between the HSEV-RO algorithm, “Ref-[17]” and “Algorithm M-Ref-[21]” is
made here, and the results are shown in Table 2.

Table 2. Performance comparison of different algorithms.

Simulation Methods Day-ahead plan  Intraday adjustment  Total Total cost
scenarios cost/CNY cost/CNY costs/CNY reduction rate
Scenario A Algorithm Ref-[17] 5683.5 1180.8 6864.3 -
Algorithm M-Ref-[21]  5408.2 1263.6 6671.8 2.8%
HSEV-RO 55314 1012.1 6543.5 4.6%
Scenario B Algorithm Ref-[17] 5683.5 1258.4 6941.9 -
Algorithm M-Ref-[21]  5408.2 1086.9 6495.1 6.4%
HSEV-RO 55314 983.7 6470.1 6.8%
Scenario C Algorithm Ref-[17] 5683.5 1686.9 7370.4 -
Algorithm M-Ref-[21]  5408.2 2062.3 7470.5 -1.3%
HSEV-RO 55314 1598.1 7129.5 3.2%

Table 2 reveals that the Algorithm Ref-[17] method results in the highest day-ahead cost due to
its worst-case optimization, whereas Algorithm M-Ref-[21] achieves the lowest cost by targeting
expected scenarios. Compared to Algorithm Ref-[17] and Algorithm M-Ref-[21], HSEV-RO takes into
account the performance corresponding to multiple scenarios and achieves an intermediate day-ahead
cost. For scenarios A, B, and C, the Algorithm Ref-[17] method achieved the highest intraday
adjustment cost, while the HSEV-RO method achieved optimal intraday adjustment cost. In addition,
for scenario A, the total cost of Algorithm M-Ref-[21] was reduced by 2.8% compared to Algorithm
Ref-[17], and the total cost of HSEV-RO was further reduced to 4.6%. For scenario B, the total cost of
Algorithm M-Ref-[21] decreased by 6.4% compared to Algorithm Ref-[17], while the total cost of
HSEV-RO further decreased to 6.8%. For scenario C, the total cost of Algorithm M-Ref-[21] increased
by 1.3% compared to Algorithm Ref-[17], while the total cost of HSEV-RO further decreased to 3.2%.
In summary, for scenarios A, B, and C, the HSEV-RO method achieved both the optimal intraday
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adjustment cost and the optimal total operating cost, thereby effectively enhancing the overall
economic efficiency of the microgrid.

Since the HSEV-RO algorithm carries out multiple-scenario performance optimization over the
entire hybrid scenario set in the day-ahead stage, it can yield a much better scheduling plan that aligns
more closely with actual intraday scenarios. By transferring the optimized solution from the day-ahead
stage, which better aligns with intraday scenarios, to the intraday scheduling phase, the coordination
between day-ahead and intraday scheduling is significantly enhanced. This approach minimizes the
intraday adjustment cost and total operating cost, thereby effectively improving the overall economic
efficiency of microgrid.

The proposed HSEV-RO algorithm is built upon a centralized optimization framework, assuming
a reliable and delay-free internal communication network within the microgrid. However, in practical
engineering applications, communication delays, data packet loss, or network failures may lead to
outdated status information or inaccurate execution of commands, which can affect real-time
scheduling performance. Also, event-triggered or resilient distributed control strategies can be adopted
to reduce dependence on high-performance communication and enhance the algorithm’s
practical applicability.

6. Conclusions

Based on hybrid-scenario performance, this study proposes a robust optimal scheduling algorithm
for an electric vehicle-integrated microgrid, addressing uncertainties of PV, load, and EV
charging/discharging scenarios. Through simulation experiments and analysis, the following
conclusions are obtained:

(1) A hybrid scenario set including typical scenarios, extreme scenarios, and expected scenarios is
constructed by applying Fuzzy C-Means clustering to historical data. Furthermore, typical scenarios,
extreme scenarios, and expected scenarios are designated as the clustering center of the scenario set,
and each historical scenario is reassigned to the closest clustering center through secondary clustering.
Thus, the probability of the above clustering center is generated.

(2) A robust optimization method for the microgrid is designed by optimizing performance over
the hybrid scenario set. The comprehensive coverage of the hybrid scenario set enables the generation
of a day-ahead optimal solution with enhanced alignment to actual intraday conditions of renewables,
load, and EVs. As a result, it reduces the adjustment cost during intraday scheduling stage, ultimately
improving the microgrid’s robustness and economic performance.

(3) Using a Monte Carlo simulation, it constructs the uncertainty intervals for EV power.
Synthesizing performance optimization of the hybrid scenario set and robust testing, it achieves the
goal of “optimal for hybrid scenarios and feasible for any scenario”, improving the economic
performance and robustness of the microgrid.

(4) Current charging patterns of electric vehicle owners, establishment of autonomous
decision-making models, and user behavior patterns are hot topics of discussion [22-25]. This study
focuses on a simplified model of EV behavioral uncertainty, without explicitly accounting for the
uncertainty in users’ response to incentives. Future work will address these aspects by incorporating
travel demands and user response variability, integrating behavioral modeling and game theory to
enhance practicality.
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