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Abstract

As renewable energy penetration continues to rise, enhancing power system flexibility has become a critical requirement.
Photovoltaic-storage—charging stations (PSCSs) are key components for enhancing local regulation capability and promoting renewable
integration. However, evaluating the adjustable capability of such hybrid stations while considering security constraints remains a major
challenge. This paper first analyzes the adjustable capabilities of all the resources within such a station based on the power-energy bound-
ary (PEB) model. Then, an optimal formulation is proposed to obtain the adjusted parameters of the aggregate feasible region (AFR)
model, which embeds low-dimensional linear models within high-dimensional linear models to improve the accuracy. To solve this for-
mulation, it is transformed using duality theory and an alternating optimization algorithm is designed to obtain the solution. Finally, a
multi-station adjustable capability aggregation method considering security constraints is introduced. Simulation results verify that the
proposed method effectively reduces infeasible regions and improves smoothness of aggregated boundaries, providing an accurate and
practical tool for flexibility evaluation in PSCSs and offering guidance for aggregators and system planners.

Keywords: Photovoltaic; Energy storage; Electric vehicle charging station; Flexibility aggregation

0 Introduction

With the rapid development of renewable energy in
China, the share of renewable energy in the power system
continues to grow, which imposes higher demands on the
system’s flexibility. A photovoltaic—storage—charging sta-
tion (PSCS) consists of three types of controllable
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resources: photovoltaics (PV), energy storage systems
(ESS), and electric vehicle (EV) charging facilities.
Through appropriate control strategies, such stations can
improve the utilization of renewable energy, reduce opera-
tional costs and carbon emissions [1,2], and they can also
participate in power system optimization to obtain addi-
tional economic benefits [3]. To fully leverage the potential
of PSCSs, it is necessary for an aggregator or a virtual
power plant (VPP) operator to establish an aggregation
model to assess the total adjustable capability of these
resources.

Currently, research on PSCSs mainly focuses on siting
and sizing planning as well as operation and control strate-
gies [4], whereas systematic evaluation methods for their
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adjustable capability remain to be further developed. As
one of the primary user-oriented flexible resources in such
stations, EV charging facilities have already been widely
studied in terms of controllability modeling and aggrega-
tion assessment. References [5,6] established time-
sequential controllability models for parked EVs and EV
battery swapping stations using clustering and recursive
approaches, deriving the time-sequential controllable
power boundaries of EV clusters. Reference [7] developed
an EV aggregation model based on Monte Carlo simula-
tion and Markov chains, considering user randomness
and socio-economic diversity. Reference [8] proposed a
time-varying storage model to describe the flexibility of
large-scale EV charging facilities and applied it to forecast-
ing and control problems. Reference [9] simplified the
computation of EV cluster flexibility by applying affine
transformations to the flexibility polytope of individual
EVs and reformulated the maximum volume inner-
approximation problem into a tractable linear problem.

Regarding the aggregation modeling of more general
distributed flexible resources, from the perspective of
whether geographic distribution and network constraints
are considered, the published methods can be categorized
into station-level aggregation and network-level aggrega-
tion. The purpose of station-level aggregation is typically
to obtain the total adjustable capability of a single station.
Main approaches include polytope-based methods, Monte
Carlo simulations, and data-driven methods. Reference
[10] employed homothetic polytopes, approximating feasi-
ble regions of individual resources through translation and
scaling operations, thereby simplifying Minkowski sum
calculations. Reference [11] proposed an exact algorithm
for converting between the polytope form and the zono-
tope form of feasible regions, leveraging the computa-
tional advantages of zonotopes in Minkowski sums,
while improving approximation accuracy through optimal
generator selection. Reference [12] effectively solved the
inner-approximation problem of feasible regions by vertex
contraction, applying it to the security-constrained unit
commitment problem to reduce the power system operat-
ing cost. Reference [13] argued that template geometry-
based methods are unsuitable for industrial loads with
integer variables, and therefore proposed a data-driven
dimensionality reduction model trained on industrial load
data, enhancing adaptability to integer variables.

For network-level aggregation, common approaches
include random sampling, mathematical optimization,
and polytope contraction methods. Reference [14] com-
pared the feasible regions of distribution networks with
network constraints obtained by random sampling and
optimal power flow methods, showing that the former is
more suitable for small-scale grids. Reference [15] pro-
posed a robust capability curve model to describe the max-
imum active and reactive power outputs of VPP,
estimating parameters using the convex hull of boundary

points. Reference [16] developed a two-stage optimization
model: in the first stage, constraints of distributed
resources were aggregated to their connected nodes; in
the second stage, an optimization model incorporating
nodal constraints, branch capacities, and network con-
straints was formulated. Reference [17] employed adaptive
robust optimization to obtain the active-reactive elliptical
feasible region of VPP. Reference [18] established a
stochastic flexibility evaluation model for VPP, which
can be directly applied to unit commitment and economic
dispatch problems.

In summary, the current evaluation methods of adjusta-
ble capability for PSCSs face issues such as computational
complexity, inaccuracy of evaluation results, and the
neglect of local constraints. In particular, most existing
aggregation approaches only provide overly simplified
approximations of the feasible region, which cannot accu-
rately capture the actual decomposability of aggregated
power. Moreover, few studies explicitly incorporate local
transformer or substation capacity limits into the flexibil-
ity evaluation framework. To address these gaps, this
paper develops an improved evaluation method that
embeds low-dimensional boundaries into  high-
dimensional models to obtain tighter outer approxima-
tions. In addition, a two-stage aggregation framework is
proposed to consider local security constraints, ensuring
both accuracy and practical applicability in real-world
operations.

The remainder of this paper is organized as follows.
Section 1 introduces the modeling framework for the
adjustable capability of a single PSCS based on power—en-
ergy boundaries. Section 2 establishes the improved aggre-
gate feasible region (AFR) model and develops the
alternating optimization algorithm for solving it. Section 3
extends the method to multi-station aggregation consider-
ing local security constraints. Section 4 provides case stud-
ies. Finally, Section 5 concludes the paper.

To improve readability, key terms and abbreviations
used throughout the paper are summarized in Table 1.

1 Modeling of adjustable capability of a single PSCS based
on power-energy boundaries

1.1 Modeling of individual resource adjustable capability

This section mainly discusses the modeling of adjustable
capability for various resources within a PSCS. According
to the power-energy boundary (PEB) models of distributed
resources [19,20], the adjustable capability of a single
resource can be represented by a four-tuple

(;3;], ) /_,E?/., e;;), which respectively denotes the upper

and lower bounds of the power and cumulative consumed
energy of the j-th resource in station i. Let the power of the
J-th resource in station i at time ¢ be pj ;, then:
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Table 1
Key terms and abbreviations.

Term Explanation

Aggregate Feasible Region
(AFR)
AFR-1' / AFR-2

being more accurate than AFR-1'.
Power-Energy Boundary
(PEB) trajectories of an individual resource.
Guidance Power (p.)

The feasible region of the aggregated power.

Two approximate models of the exact aggregate feasible region [21], both providing outer approximations, with AFR-2
A pair of upper and lower bounds describing the maximum and minimum achievable power and cumulative energy

The target or reference power trajectory obtained from optimization, used to guide operational scheduling.

Ef/gpfj Sﬁ:J7VtE{17277Td} (1)
t
T —t
gﬁ‘j < 5217,] < ei,ﬁVI € {1727 () Td} (2)
=1

where T4 Td is the total number of time intervals in a day,
and ¢ is the length of one interval. Next, the resources
within a PSCS are modeled by converting their adjustable
capabilities into the four-tuple form.

1.1.1 PV

The PV resource can be regarded as negative stochastic
loads, where the power can be adjusted between 0 and the
actual generated power. Therefore, the upper bound of

power ([3;].) is 0, and the lower bound (]_92}_) is the negative

of its output curve. In this paper, a unified description is
adopted using the four-tuple of power-energy boundaries,
with cumulative energy upper and lower bounds calculated
as follows:

t

e, =0 p,;=0vre{l,2,..Tq} 3)
=1
t

e, = 5213;,\# e{1,2,...Ts} (4)
=1

1.1.2 ESS

ESS is a time-coupled flexible resource. Assume the
rated power be Pff, charging and discharging efficiencies

be 75, and 5, energy capacity be Bf/s, and the initial state

of charge (SoC) at the time of evaluation be Sgsc‘l j» respec-

tively. The maximum and minimum safe SoC, considering
: : ES max ES,min
safety and lifetime factors, are Sp¢;;" and Sp¢ ', respec-

tively. The power boundaries of ESS during the considered
period are given as follows:

P, =PB Ve {1,2,..,Ts} (5)

ij?
po=-PS Ve {l,2,...Ts} (6)

Zij i

The cumulative energy boundaries of ESS are illus-
trated in Fig. 1. The upper boundary represents the fastest
charging trajectory: continuous charging from the initial
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Fig. 1. Cumulative energy boundaries of ESS.

period until the maximum safe energy is reached, followed
by discharging at maximum power to ensure the end-
period energy level matches that of the initial period.
The lower boundary represents the fastest discharging tra-
jectory: continuous discharging from the initial period
until the minimum safe energy is reached, followed by
charging at maximum power to maintain the end-period
energy at the same level as the initial period. The maxi-
mum and minimum cumulative consumed energy are given
by (7) and (8).

ety = BE (S6e - s6es,) (7)
iy = BE (SEel — 5685, ®
113 EV

An EVs is also a time-coupled flexible resource. Let its
arrival time and SoC at the charging station be 7, and

Sg\cl"f;_’j, the expected departure time and target SoC be tfj

and Sg¢, the rated charging power be Py, and the bat-
tery capacity be ijv, respectively. The power boundaries
restrict the maximum charging power during the adjusta-

ble period as follows:

EV d
. P te [tj.‘_ﬂtu]

Pij = 0.1¢ [Z;‘_‘i, Ig/] 9)
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P =0 (10)

The cumulative energy boundaries are shown in Fig. 2.
The upper boundary represents the fastest charging trajec-
tory: continuous charging from the connection time until
the maximum capacity is reached. The lower boundary
represents the slowest charging trajectory: no charging
immediately after connection, followed by charging start-
ing at a certain time, so that the target SoC is reached
exactly by the departure time. The energy consumed under
these two trajectories is calculated by (11) and (12).

e =5 (1-558) (11)

Lj

e ;= BlE]\/ <Sg\cl?/ - Sg\(/j?J (12)

1.2 Adjustable capability model of a single PSCS

Let @ denote the set of resources connected to the i-th
PSCS. By summing the four-tuple parameters of all
resources at station i, the aggregated power and energy
boundaries of station i can be obtained by (13)-(16), which
corresponds to the AFR-1" model in [21]. This model pro-
vides an outer approximation of the exact feasible region,
with the advantages of simple computation. However, it
may contain a certain proportion of infeasible points,
which prevents the total power from being successfully
allocated to individual resources, thereby limiting its prac-
tical applicability.

s »

P, = Z Pij (13)
jE(I)/S\H

PeY, 9
jes

—t »

E, = € (15)
jeq)’)lll

E = gf./ (16)
jewsta

2 Improved model of adjustable capability for a single PSCS
2.1 Improved model based on set inclusion

To reduce the infeasible region of aggregated adjustable
capability evaluation at a single station by AFR-1" model,
this paper adopts the more accurate AFR-2 model from
[21] to improve the performance of the AFR-1’ model.
The AFR-2 model is formulated as follows:

_ Ul
> max (ef-:,-e:?,-, > p;,a) <E - EP

jeat t=ty+1
L a . (17)
< > min €~ Eijs > P90
jedrj“ 1=t+1

H € [I,Td]7t2 c [0711 — 1]7

where E! is the cumulative consumed energy of station 7 at
time period ¢, and the cumulative consumed energy at the
initial moment (£?) equals 0. It can be seen that this model
restricts the difference of cumulative consumed energy
between any two time intervals, but does not provide intu-
itive upper and lower boundaries of power and energy at
each time. The number of constraints in the AFR-2 model
(ne2) 1s much larger than that in the AFR-1" model (n).
For example, whenTy = 96, n,=97*96 = 9312 andn, =
96*4 = 384. Therefore, we take the AFR-1" model as the
optimization target, adjusting its parameters so that its
corresponding boundaries is compressed into the feasible
region of the AFR-2 model, thereby obtaining the
improved boundary parameters.

First, both the AFR-2 model and the AFR-1’ model are
rewritten into linear inequality systems with as the
variable:

AFR - 2:{E, € R""'|AE, < b;} (18)
AFR — 17: {E; € R™"'|CE; < d;} (19)
where matrix A and vector b; are generated according to
(17) by traversing ¢ and 1, respectively.
A € RaTarx(Tath) = p c RTa(Tat)  Matrix C is composed
of the identity matrix I and the Jordan matrix D, where

the diagonal entries of D are 1, the sub-diagonal entries
are —1, and all other elements are 0.

M1
-1 AT+ 1)x(Tg+1)
C=|, |€R (20)
| —D
M1 0o 0 0
-1 1 0 0
D= ) ) c R(Td+l)x(Td+l) (21)
Lo 0 -1 1

In (19), vector d; is the variable to be optimized. When
matrix C takes the form of (20), the meaning of d; is as
follows:
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E i,opt

—E.
d = 5;"1" e R¥Tath) (22)
i,opt

—oP,

—i,opt

where E,-,Opl and E,,, represent the optimized upper and

lower bounds of cumulative consumed energy, and P;
and P, represent the optimized upper and lower bounds
of power, respectively. The objective function of the opti-
mization problem is defined as:

Ty
min Z (L) + BLY) (23)
=1

1= (Bl —E) + (B —E)
1 i,opt i =i,opt =i
_t i\ 2 2
+op <Pi.0pl - Pt> + op <£rt'.opl - E)
_ 2 2
Lt2 = (Ei.opl) + (E;opl> +

—t 2 ’ 2
+ﬁp <Pi,0pt) + ﬁp (Bi,opl)

The first term minimizes the distance between the opti-
mized boundaries and the original AFR-1’" boundaries,
while the second term minimizes the fluctuation of the
optimized boundaries. Parameters o, ff, and 8, are all
constant coefficients.

The constraints of the optimization problem are as
follows:

—t

E, o > El V€ {1,2,.., Ty} (24)
ﬁ:_opl >P e {l1,2,. Tq} (25)
Eop <E,Vte{1,2,.,Ts) (26)
El o > EV€{1,2,.., Ty} (27)
ﬁ:wopl < i’:,Vt e{1,2,...T4} (28)
Pl > PVt e{1,2,..,Tq} (29)

max AkTE,- < by,
CE,<d; (30)
Vk € {1,2,...,To(Tg+ 1)}

Here, constraints (24)-(25) ensure that the feasible
region after optimization is non-empty; constraints (26)—
(29) ensure that the optimized boundaries do not exceed
the original boundaries of the AFR-1’ model; and con-
straint (30) ensures that the polytope {E;|CE; < d,} is con-
tained within {E;|AE; < b}, where A| is the k-th row of
matrix A, and b;; is the k-th element of b;,. When both C
and A are constant matrices, max AZE,- is uniquely deter-

E;<d;
mined by d;. To solve this value, we first write its dual
problem:

min 4, d (31)

112

st.CT Al —Ar,=0 (32)
20 (33)

According to duality theory, the objective function of
problem (31)-(33) is always greater than or equal to
A;Ei in (30). When problem (31)—(33) attains minimum,
A,jE,» in (30) attains its maximum. Therefore, the existence
of /l,jdi < b, ensures:

max A} E; < A d; < by, (34)
CE;<d,; :

Thus, (30) is equivalent to:

Ad; < b, Ve {12, Tq(Ta+ 1)} (35)
C'i—Ar=0
k k ) (36)
Vk e {1,2,..,Tg(Tg + 1)}
A >0 Vk€{1,2,...,Tq(Tq + 1)} (37)
Let:
i
ZT
M = 2 c RTd(Td+l)x4(Td+l) (38)
l—i[d(TdJrl)

Then, (35)—(37) can be rewritten as:

Md; < b, (39)
MC =A (40)
M>0 (41)

2.2 Solution method through alternating optimization

In the evaluation mode for obtaining the adjustable
capability of a single PSCS derived in last subsection, con-
straint (39) contains bilinear terms of M and d;. If a day is
divided into 96 time intervals (74 = 96), then the dimen-
sion of matrix M reaches 9312 x 388, and the dimension
of d; is 388 x 1. Such a problem cannot be solved effi-
ciently with existing optimization software. Therefore, this
paper employs an alternating optimization approach. The
algorithm steps are summarized as follows (see Table 2):

Regarding the selection of initial values for boundary
parameters, since the outer approximation boundaries of
the AFR-1'" model are not far from the exact feasible
region boundaries, this paper generates initial boundaries
d? by shrinking the parameters of the AFR-1’ model of a
single station. The formula is given as follows, where u is
the shrinkage coefficient, typically taken between 0.8 and
0.9:

d

(42)
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Table 2
Steps of the alternating optimization.

Alternating optimization algorithm

stepl Set the maximum number of iterations, convergence tolerance ¢, and coefficients of the objective function terms. Compute d? , the initial value of

vector d;, and let di"" = d?.

step2 Substitute d;*" into (33), and for all £ € {1,2,...,T4(Tq + 1)}, find A that satisfies (35)—(37). Then construct matrix M"" according to (38).
step3 Substitute M™" into (39), and solve problems (23)—(29) and (39) to obtain d;".

step4 Check whether the relative error condition || &Y — di*™ || /|| d{*™ || < e is satisfied. If yes, go to Step 5; otherwise, set d;"™" = d7*" and return to
Step 2.
step5 Ou?put the iterative results d;°".
W E4E E_E transformer and line. In addition, stations under the con-
Eg=—"F5—"t+p——F5— (43) trol of a VPP may be geographically proximate and con-
o . nected to the same substation, resulting in power
E,= E+E + #E,- —E (44) coupling. At the VPP level, there may also be a maximum
’ 2 2 total power constraint, such as the capacity limit set by the
o P4pP  P_P electricity market trading rules.
Pig = %Jr“ l ) = (45) This paper formulates a two-stage optimization prob-
- R lem to solve for the aggregated power boundaries of a
P, _b ;Ef + uBf ;P i (46) VPP. In stage 1, under the conditions of each station’s

For selecting the weight coefficients in the objective
function (23), this paper employs the Bayesian optimiza-
tion algorithm, commonly used for hyperparameter opti-
mization, to find the values of o, B, and f, that
maximize the feasible region area

—t —t
ZtT:dl |:<Ei,opt - Eitopt) + 9 (Pl,opt - ££0p1>:| :

3 Multi-station adjustable capability model considering local
security constraints

As shown in Fig. 3, when a VPP (or an aggregator) reg-
ulates its aggregated PSCSs, it must ensure local grid secu-
rity at each station. Specifically, the power at each station
must not exceed the capacity limit of its local distribution

Virtual connection — — =

Physical connection ——

Substation ﬁg

N

Distribution ,E_é_a\ ‘E_e_a_‘
transformer [] |é}| D [] Ié}l l]
| | 1
El:]a-:gt?rzgsztions’ Station 1 ‘ ‘ Station 2 ‘

Fig. 3. Illustration of aggregating multiple stations by a VPP.

adjustable boundaries and local security constraints, the
upper boundary of the total power across multiple stations
is obtained by maximizing (47), and the lower boundary is
obtained by minimizing (48).

min 3 3 e (47)

i€@PP =1
Tq
max Y 31 &
i€e®@PP (=1
—t
P; Sp;‘agg <P,Vte{l,2,.. Tq} (49)
p?,agg‘ < S§i* cos ¢,V € {1,2, .., T} (50)
Y Plage| SSVEE (1,2, Ta} (51)
ic@d
D Dhage| SSVEE (1,2, Ty} (52)
ie@'PP

The decision variable p; ,,, denotes the aggregated total
power of i-th PSCS; S7¥ is the capacity of its distribution
transformer; cos ¢*® is its power factor; ®*® denotes the
set of PSCSs connected to substation v; ®*** denotes the
set of PSCSs managed by the VPP; Sj“b is the residual
capacity of substation v after excluding other loads; and
S*PP is the possible total capacity limit of the VPP. This
problem is a linear optimization model, which can be
solved efficiently.

In stage 2, using the optimization results from Stage 1
as benchmarks, the second-stage optimization reduces
power fluctuations at each station. The objective is to min-
imize the sum of squares of power across all time periods:
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Tq 5
min > Y (Pl (53)

i€®PP =1

In addition to constraints (49)—(52), the second-stage
problem also includes non-inferiority constraints relative
to the first-stage results. Specifically, for the upper power
boundary, constraint (54) is imposed, and for the lower
power boundary, constraint (55) is imposed. Here, R"™*
and R™ denote the objective values obtained in the first
stage for the upper and lower boundaries, respectively.

T4

33 P 2 R (59
ie®'PP (=1
T4 )
DD Phage S RY (59)
1

i€e@'PP (=

4 Case study
4.1 Parameter settings

Assume that each day is divided into 96 time intervals,
with a convergence tolerance of 107°. Based on actual
information from existing PSCS projects, the capacities
of equipment and transformers at each station are set as
shown in Table 3. Regarding the station connections, it
is assumed that stations A and B are connected to the same
substation, whereas station C is connected to another sub-
station. The remaining capacities of substations and the
total capacity of the VPP are listed in Table 4.

4.2 Simulation results and analyses

For each station, both the AFR-1" model boundaries
and the improved AFR-2 model-based boundaries are
solved. For convenience, the improved AFR-2 model-
based boundaries will be simply referred to as AFR-2 in
the following discussion. As shown in Fig. 4, the iterative
process converges to the predefined tolerance within 10
iterations at all stations, indicating fast computation.
Meanwhile, the dual gap of the dual problem is also calcu-
lated to verify the optimality of the iterative results. Tak-
ing station A as an example, by substituting the obtained

dy" into (30) and (31)—(33), the objective function values
of the primal (z,;) and dual problems (zqy,) are derived.
The relative dual gap (RDG) is then calculated according
to (56), and the average value across all 9312 RDGs is
obtained as 2.6619 x 10~'7. This result indicates that the
first inequality in (34) can be taken as equality, i.e., both
the primal and dual problems achieve optimality within
the allowable tolerance.

_ }Zdua - Zpri|

B ‘Zdua| - ‘Zpri|

Roa (56)
The boundary curves obtained from the iteration are
shown in Fig. 5. Table 5 summarizes the feasible region
sizes before and after adjustment. The contraction ratio
is defined as the compressed area divided by the original
area. It can be seen that the feasible region sizes after cor-
rection are approximately 80 % of the original values.

To verify that the proposed method can indeed improve
the decomposability of total power, a practical application
scenario is considered: a PSCS optimize its cost-
minimizing guidance power (p') curve based on the pre-
dicted power-energy boundaries and electricity price
curves, and then allocate this total power to individual
resources in the following day. p. can be obtained by solv-
ing problem (57)—(59):

Tq
mian’pi (57)
t=1
—t
st. PP<p. <P Vie{l,2,.. T4} (58)
! —t
E'<8Y pi<E\Vte{l,2,.,T (59)

=1

where p' is the electricity price curve, and the constraints
are the power and energy boundaries of the station.
Next, the decomposability of p! is examined by solving
optimization problem (60)-(64). Here, p; denotes the
power of resource j in station i at time ¢, while w/, and
w' are non-negative slack variables. Constraint (61)
ensures that the sum power of all resources within a sta-
tion, adjusted by slack variables, equals to the guidance
power. The objective function minimizes the slack vari-

Table 3
Station settings.

Station A Station B Station C
PV capacity (kW) 312 150
Number of EV charging piles 8 30
Maximum power of each EV charging pile (kW) 60 20
Rated capacity of ESS (MWh) 15 12.5
Maximum power of ESS (MW) 3 2.5
Maximum discharge depth of ESS 10 % 10 %
Capacity of distribution transformer (MW) 3.1 2.8
Power factor of distribution transformer 0.85 0.85
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Table 4
Substations and VPP capacity settings.
Capacity
(MW)
Remaining capacity of the substation jointly connected by 3.1

stations A and B
Remaining capacity of the substation connected by station C 2.3
VPP 5.3

T T T T

—— Station A
0.05 . -
—— Station B
Station C
- 0.04 _
; 0.03 E
£
20.02 .

0.01

6 7 8 9 10
Number of iterations

Fig. 4. Iterative convergence process.

ables. Constraints (63)—(64) enforce power and energy
boundaries for individual resources, ensuring that the
guidance power is allocable to every resource. Finally,
the relative error (RE) indicator is calculated according
to (65). A larger RE indicates poorer decomposability of

Pl
Ty
min Z (W, +w') (60)
=1
st > pl+w, —w =pl,
FE (61)
Vie{l,2,..,Tq}
w,w' >0,vee{l,2,.., T} (62)
C<pl < p Ve D™
P, <l <piy Vi€ o, (63)
Vt € {1,2,...,Td}
! - -t . sta
€; < 512::]17,,- S e Ve, (64)
vie {1,2,..,Tq}
Tq ¢ t
< +
RE — 171(‘;}‘4— W—) (65)
1 |P

Taking station A as an example, the decomposability of
p. obtained from the AFR-1" boundaries and AFR-2
model-based boundaries is compared. In addition, a series
of “intermediate” models are considered for comparison.
Their names and meanings are shown in Table 6. For elec-
tricity price data, this paper selects ten day-ahead price

curves from the Liaoning electricity spot market during
August 1st to 10th, 2025 [22]. The RE values are calculated
for each curve and then averaged, with results shown in
Fig. 6.

It can be observed that the AFR-1" model exhibits the
worst decomposability of p!. As the number of time inter-
vals based on AFR-1’ boundaries decreases, the average
RE gradually declines. The AFR-2 model achieves the
smallest average RE, with negative values attributed to
numerical errors and solver tolerances, which can be con-
sidered negligible. Furthermore, when the number of time
intervals based on AFR-1’ boundaries is the same, the E-x
models exhibit significantly smaller average RE than the
B-x and P-x models. For example, E-60, where only the
energy boundaries of the first 60 time periods are based
on AFR-1', outperforms B-20 and P-20, where both
boundaries and only the power boundaries of the first 20
time periods follow AFR-1’, respectively. This indicates
that improving the accuracy of power boundaries is more
critical than improving the accuracy of energy boundaries
in reducing decomposition errors.

After obtaining the improved power and energy bound-
aries of each station, the multi-station adjustable capabil-
ity model considering security constraints is solved. The
results of Stage 1 and Stage 2 are shown in Fig. 7. Com-
parison reveals that the fluctuation of power boundaries
is significantly reduced after Stage 2 optimization. In addi-
tion, for both Stage 1 and Stage 2, the number of time
intervals where the upper power boundary reaches the
capacity limit is greater than that of the lower boundary.
This is due to the charging demand of EV resources, where
the overall charging power exceeds the discharging power.

5 Conclusion

This paper focuses on PSCSs and introduces PEB mod-
els for individual resources, including PVs, ESS, and EV
charging facilities. An aggregated approximation model
based on power and energy boundaries at a single station
is analyzed. By embedding low-dimensional models into
high-dimensional models, the decomposability of evalua-
tion results is improved. Furthermore, a multi-station
aggregation method considering local transformer capac-
ity constraints is proposed.

Through case studies, the effectiveness of the proposed
contraction-correction model in enhancing decomposabil-
ity is verified. Finally, the aggregated power and energy
boundaries of multiple stations under security constraints
are analyzed, and it is shown that the two-stage model sig-
nificantly reduces the fluctuation of power boundaries
across stations.

Nevertheless, this study has several limitations that
should be acknowledged. First, the randomness of EV
behavior and PV generation is not considered. Second,
the alternating optimization algorithm adopted in this
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Fig. 5. Energy and power boundary results of each station.

Table 5
Feasible region area parameters of each station.

Station A

Station B Station C
Energy feasible region area of AFR-1" /MWh 572.39 1434.8 1198.5
Energy feasible region area of AFR-2/MWh 462.08 1159.2 959.78
Contraction ratio of energy feasible region area 80.73 % 80.79 % 80.08 %
Power feasible region area of AFR-1" /MW 211.31 605.61 512.29
Power feasible region area of AFR-2 /MW 172.46 491.22 417.98
Contraction ratio of power feasible region area 81.62 % 81.11 % 81.59 %

study can guarantee optimality for each iteration but can-
not ensure convergence to a global optimum. Third, the
security constraints in the multi-station aggregation model
are relatively simplified and do not include network-level
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power-flow constraints. These limitations indicate poten-
tial directions for future work, such as constructing AFRs
under different confidence levels using historical data,
employing relaxation-based techniques to directly
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Table 6
Names and meanings of intermediate models.
Names Meanings
B-x The power and energy boundaries are both formed by combinations: the first x time periods are consistent with the AFR-1", while the time
periods from x + 1 onwards are consistent with the AFR-2 model.
P-x Only the power boundary is formed through combination, whereas the energy boundary is exactly the same as the AFR-2 model.
E-x Only the energy boundary is formed through combination, whereas the power boundary is exactly the same as the AFR-2 model.
0.07
3000 T T T T
0.06 - ssool. |
=or AW ALV
0.05 »zooo—J My Y |
Z —— Station A
:3 1500 —— Station B
0.04 - 2.4755%10° E Station €
1000 B
=7.2137x10"? i
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Fig. 6. Average relative error of different models.

approach global optimality, and incorporating linearized
power-flow models to better consider network constraints.
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