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Abstract—Energy storage and generalized energy storage
(GES) such as electric vehicles (EVs) and heating, ventilation,
and air conditioning (HVAC) systems play a critical role in en-
hancing the flexibility of power systems. The shared system ar-
chitecture can improve utilization rates of energy storage and
reduce configuration costs. However, the heterogeneity and in-
herent uncertainty of GES pose significant challenges to the ra-
tional configuration and operation of energy storage. To ad-
dress this, we employ a two-stage distributionally robust capaci-
ty configuration method for shared energy storage considering
the flexibility and uncertainty of distributed resources. First, by
integrating the operational characteristics of both physical and
virtual energy storage, a shared system architecture is proposed
for the GES. Second, to overcome the limitation of existing EV
aggregation models, which are typically tailored for ideal bat-
tery behaviors, a more accurate aggregation model is intro-
duced based on the parameter planning, termed the GES mod-
el. An uncertainty probability set modeling approach for de-
mand-side resources is derived based on this model. Finally,
considering the flexibility and uncertainty associated with EVs
and HVAC systems, a distributionally robust optimization mod-
el for shared energy storage capacity configuration is proposed.
Simulation results demonstrate that the proposed method in-
creases the revenue of operators and the utilization of energy
storage resources, while also reducing the configuration capaci-

ty.
Index Terms—Generalized energy storage, demand-side re-

source, shared energy storage, capacity configuration, flexibili-
ty, uncertainty, distributionally robust optimization.
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1. INTRODUCTION

ITH the continued advancement of carbon peaking

and carbon neutrality strategies, the demand side of
the new-type power system is gradually shifting from tradi-
tional passive consumption to active production and con-
sumption [1], [2]. The increasing scale of distributed resourc-
es on the demand side is posing greater challenges for the
flexible regulation capability of power systems. In this con-
text, energy storage has emerged as a key technology for en-
hancing the utilization of renewable energy and the flexibili-
ty of the demand side [3]. However, traditional physical ener-
gy storage (PES) devices are characterized by low utilization
rates [4], high investment costs, and long payback periods
[5], which constrain their widespread application. Given the
large numbers, wide distributions, and flexible adjustabilities
of demand-side resources such as electric vehicles (EVs) and
heating, ventilation, and air conditioning (HVAC) systems,
there is an urgent need to explore the energy storage poten-
tial of idle demand-side resources. Therefore, it is crucial to
develop a more efficient and economical utilization system
for generalized energy storage (GES) to achieve optimal en-
ergy storage configuration.

Shared energy storage (SES) enhances the utilization of
energy storage resources while reducing the investment cost
of energy storage by introducing a shared economy operat-
ing model based on traditional energy storage [6], [7]. In
[8], an SES management system, a credit-based capacity and
energy sharing pricing strategy, and an SES planning model
are proposed. In [9], a dynamic optimal operation strategy
for centralized SES station is proposed based on Nash bar-
gaining theory. In [10], the energy storage planning problem
is characterized as a distributionally robust optimization
(DRO) model considering multiple uncertainties in wind
power and photovoltaics. In [11], a collaborative capacity
configuration model between a microgrid operator and an
SES operator is proposed through a Nash bargaining game.
In [12], a joint planning strategy for SES is proposed for
large-scale prosumers, which utilizes multi-step clustering
and generalized Nash bargaining. In [13], a real-time energy
management strategy for SES is proposed to enhance the
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consumption of renewable energy and improve the stability
of the power system supply. In [14], a model of an electrici-
ty-hydrogen SES configuration capable of supporting inte-
grated energy systems is established, which enhances the
economic viability of SES throughout its lifecycle.

Existing research on the SES configuration has focused
primarily on PES. On the load side, distributed resources
such as EVs and HVAC systems also have potential for ener-
gy storage use [15], which can be collectively referred to as
GES. Centralized investment and unified regulation of diver-
sified energy storage resources can achieve more aggregated
and effective utilization of the energy storage industry chain.
As a result, the investment and operation costs of energy
storage services can be reduced, and the resource utilization
efficiency can be improved. However, distributed resources
are characterized by their large numbers, small capacities, di-
verse operating characteristics, and high uncertainties, mak-
ing their aggregate behaviors difficult to model accurately.
Many studies have explored GES models for temperature-
controlled loads using methods such as Polyhedral method
[16], supervised learning-assisted aggregation [17], virtual
battery (VB) aggregation [18], [19], and optimization charac-
terization [20]. In [21], VB models for EVs are proposed us-
ing an extreme energy scenario approach. In [22], a two-
stage optimization framework that decouples scheduling and
control strategies is introduced for aggregating distributed re-
sources. In [23], a cluster aggregation model for EVs under
ideal battery conditions is developed and jointly planned
with HVAC clusters and PES. However, the current VB mod-
els for EVs fail to account for the charging and discharging
efficiency of EVs. Furthermore, the variations in efficiency
among EVs within a given cluster poses a challenge for ac-
curately determining the aggregate efficiency. This, in turn,
introduces potential inaccuracies in the external characteris-
tics of the cluster and ambiguities in the definition of its con-
trollable operating ranges.

The distributed resources such as EVs and HVAC systems
are inherently uncertain [24]. Using deterministic models
may therefore lead to failure in operational plans and unreli-
able optimization results [25]. In contrast, the GES model le-
verages the complementary nature of the units within a clus-
ter. It mitigates the randomness of individual devices before
aggregation, thereby enhancing the reliability of planning
and scheduling. A key challenge is how to account for the
uncertainty of GES in planning models. Existing literature
typically uses stochastic optimization (SO) [26] and robust
optimization (RO) [27] to address uncertainty. However,
these methods tend to be either overly conservative or over-
ly aggressive in modeling flexible supply and demand. In
[23], the uncertainty problem is approximated as a discrete
chance-constrained problem based on value at risk. DRO
model combines the advantages of both SO and RO [28],
balancing conservatism with economic considerations, mak-
ing it an effective approach for optimizing uncertainty in dis-
tributed resources. Resources such as EVs and HVAC sys-
tems, which are highly stochastic due to user behavior, can-
not be accurately modeled using deterministic approaches.
This leads to inaccurate aggregation and inefficient configu-

ration. However, few studies have examined how uncertain-
ties of demand-side resources affect the aggregation of GES
and the configuration of SES.

The existing configurations of SES on the demand side ex-
hibit the following shortcomings.

1) The energy storage characteristics of demand-side re-
sources have not yet been incorporated into the planning and
operational framework of SES.

2) Accurate aggregation model for demand-side resources
is urgently needed to precisely characterize their flexible op-
erating region and external characteristics.

3) The failure to account for uncertainties of demand-side
resources is a critical shortcoming in existing capacity con-
figuration methods for SES.

This study proposes a two-stage distributionally robust ca-
pacity configuration method that considers flexibility and the
uncertainty of distributed resources. The main contributions
of this paper are as follows.

1) The shared system architecture, including PES and vir-
tual energy storage, is developed to enable their participation
in the operation of SES. The proposed architecture integrates
distributed resources for aggregation, storage, and sharing,
fully exploiting their inherent energy storage potential and
thereby enhancing the utilization efficiency of existing stor-
age assets.

2) To address the challenges in quantifying the charging
and discharging efficiency of EV clusters, a GES model for
EV clusters is proposed for the aggregate representation of
their external characteristics. Building on this, an uncertainty
probability set modeling approach is established for EV and
HVAC clusters, enabling an effective quantification of the
uncertain characteristics of these clusters.

3) Considering the uncertainty of demand-side resources,
a DRO model for shared energy storage capacity configura-
tion is proposed using the uncertainty probability set model-
ing approach. This approach enables the derivation of an op-
timal investment strategy for SES that balances economic ef-
ficiency with operational robustness.

The rest of this paper is organized as follows. In Section
I, a shared system architecture for the GES is presented.
Section III presents the GES models and uncertainty proba-
bility set modeling approach for distributed resources. Sec-
tion IV presents the two-stage distributionally robust capaci-
ty configuration method for SES considering the flexibility
and uncertainty of distributed resources. Section V gives the
DRO model solving algorithm. Section VI presents the simu-
lation results. Finally, Section VII gives the conclusions.

II. SHARED SYSTEM ARCHITECTURE FOR GES

In traditional SES application scenarios, SES operators
configure and operate PES devices to meet the energy stor-
age demands of multiple users within a region. Building up-
on the traditional SES framework, a shared system architec-
ture for GES is proposed, as shown in Fig. 1. This architec-
ture enables the aggregation and sharing of distributed ener-
gy storage resources through the integration of PES technolo-
gies, virtual energy storage technologies, and the shared
economy concept. By establishing a generalized SES station,
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it effectively matches diverse energy storage suppliers with
users, thereby optimizing resource allocation.
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Fig. 1. Shared system architecture for GES.

GES has flexible power dispatch capabilities, enabling it
to partially take over the role of SES and reduce capacity
configuration costs. In the planning phase, SES operators de-
termine the configuration capacity of PES based on user de-
mand and the dispatchable potential of GES across scenari-
os. In the scheduling phase, operators create charging and
discharging schedules of various energy storage devices ac-
cording to their specific characteristics. Appropriate econom-
ic compensation is provided to the owners of the participat-
ing EVs and HVAC systems. If an SES station fails to deliv-
er the contracted charging or discharging power, it must pur-
chase the power shortfall from the grid.

The SES operator allows distributed resource holders on
the demand side to participate in the scheduling of SES sta-
tions, leasing their idle energy storage capacity to those in
need and earning corresponding profits. The SES operator
signs service agreements with each user to provide charging
and discharging services of SES. Users sign these service
agreements based on their load forecast results. The service
agreements include energy storage charging and discharging
periods and energy demand quantities. The operation model
of an SES station typically uses a fixed-rate tariff for users.
Then, by leveraging the energy storage characteristics of the
SES station, the operation model maximizes profits through
arbitrage.

III. GES MODELS AND UNCERTAINTY PROBABILITY SET
MODELING APPROACH FOR DISTRIBUTED RESOURCES

To exploit the regulation potential of demand-side resourc-
es, aggregation modeling is essential. The aggregation mod-
els obtained through the parameter planning are termed the
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GES model. This model offers a quantitative approach for as-
sessing the flexibility of diverse resources such as EVs,
HVAC systems, and PES devices by utilizing standardized
energy storage parameters. Different resources exhibit dis-
tinct clustering characteristics. For example, the GES param-
eters of EV clusters and HVAC clusters are related to their
operating states. Based on the established GES model, an un-
certainty probability set modeling approach is proposed for
addressing the uncertainties associated with EV and HVAC
clusters, which quantifies the uncertain characteristics of de-
mand-side resource clusters.

As the GES model for HVAC clusters has been well estab-
lished in [20], this paper focuses on deriving the GES model
for EV clusters.

A. GES Model for EV Clusters

In this subsection, a GES model considering EV charging
and discharging efficiencies is derived to obtain accurate ex-
ternal characterization and aggregation control ranges for EV
clusters.

1) Modeling of GES Model for Individual EV

First, the SES operator integrates key information for each
EV, including the estimated arrival time, estimated departure
time, and state of charge (SOC) upon connecting to the mi-
crogrid. On this basis, the ideal battery operation boundary
for a single EV, as proposed in [21], is extended to a GES
model for individual EV that accounts for charging and dis-
charging efficiencies, thereby defining the flexible operation
region for both capacity and power.

X =min { X+ 7 PP (=T e X™ ) 1e(THLTY) (1)
X =max (X! +P"™ (- T yn™, X"} te(TT) ()
X =max {X =y P/ (T = tp, X™} 1e(T)TY) (3)

X;t:max{‘Xi,l)t’Xf}zt)} te(TT) 4)
P =min {(X[Y,— X} V"), PI™} te(T} T =1) (5)
P =max{n{* (X} - X )oP™} te(T!,Ti=1) (6)

where 7 is the time period index; X/, and X, are the upper

and lower limits of the feasible region of actual capacity of
EV i, respectively; X;* is the initial capacity of EV i when it
is connected to the grid; P™" and P™* are the lower and up-
per limits of charging and discharging power of EV i, respec-
tively; X,™™ and X™ are the lower and upper limits of ca-
pacity of EV i, respectively; 7 is the time step; )7(5'1 is the
lower limit of capacity of EV i that is limited by both the
discharging power and the minimum battery capacity; X fzt) is
the lower limit of capacity of EV i that is limited by both
the expected EV capacity and the minimum battery capacity;
X is the expected capacity of EV i that is needed at the de-
parture time; 7" and T are the grid-connected time and off-
grid time of EV i, respectively; 7™ and 7% are the charging
and discharging efficiencies of EV i, respectively; and P}’
and P IEX are the upper and lower limits of the flexible opera-

tion region of GES power of EV i, respectively. This yields
the flexible operation region of individual EV.



ZHANG et al.: TWO-STAGE DISTRIBUTIONALLY ROBUST CAPACITY CONFIGURATION METHOD FOR SHARED ENERGY STORAGE...

2) Modeling of GES Model for EV Clusters

Accurately quantifying the overall charging and discharg-
ing efficiencies of a cluster is challenging, due to the large
number of EVs and the wide variation in their individual
charging and discharging efficiencies. Therefore, the GES
model is used. Figure 2 illustrates the principle of the GES
model for EV clusters, where X, is the feasible region of
actual capacity; X4, is the feasible region of ideal capacity;
and X, is the feasible region of cluster capacity. The
boundary parameter of the actual capacity is mapped to that
of the ideal capacity, and the external characteristics of EV
clusters are modeled as ideal batteries. Consequently, an ag-
gregation model for EV cluster incorporating individual
charging and discharging efficiencies is developed.

)(ideal

X cluster
o /7L o A
f

t ‘ t t
Feasible region Feasible region
of ideal capacity of cluster capacity

X,

actual

Feasible region
of actual capacity

[ Capacity for individual EV; [ZZ1] Capacity for EV cluster

Fig. 2. Principle of GES model for EV clusters.

The optimization problems, with (7) and (8) as objective
functions and (9) as constraints, are first solved to obtain the
operating power when all EVs are maintained at their upper
and lower capacity limits. The external power values P,, ob-
tained from the two optimization problems are denoted as

P} and P}/, respectively.

min EZ(X Xr

t=1i=1

r N,
min zz(X, -

t=1i=1

(7

X7 ®)

s.t.

Xi = X + nlhaPcha Pdls/ndls

X X, <Xr

Lt—
__ pcha dis
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cha cha pEV
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)

dlS EV
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Lt —
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where X, is the capacity of EV i; T is the dispatch cycle;

N,, is the number of EVs in the cluster; P{™ and P/} are the

charging and discharging power of EV i, respectively; and

and u® are the charging and discharging state variables

of EV i, respectively, with ui=1 indicating charging and
uf=1 indicating discharging.

Consequently, according to parameter planning, the feasi-
ble power region of the EV cluster, bounded by the upper
limit P{¥ and the lower limit P}, is defined by summing
the dispatchable power of all EVs, as shown in (10) and
(11). The actual dispatchable capacity of EVs is converted to

Chd
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the ideal power. The upper and lower limits X' and X" of
the feasible operation region of GES capacity are then given
by the sum of the respective limits across the EV clusters, as

expressed in (12) and (13), respectively.

F = %Piv u (10)
.
PY=>Pu, (11)
=2 2P (12)
=22F‘ (13)

where z €{1,2, ...,t} is the time index; and u,, is the grid-con-
nected state of EV i (1 for grid-connected, 0 for the off-grid).

Once an EV leaves the grid, it can no longer participate in
the GES schedule and must therefore deduct this portion of
its capacity, which can be characterized as:

Upr) (14)

where X" is the off-grid capacity of the EV cluster dur-
ing time period ¢.

By integrating the above models, the flexible operation re-
gion of GES capacity and power for EV clusters is derived
as follows:

N,
exchange __ ex
X=X Xy~
i=1

)_(:;VSXtEV S)?[EV (15)
PV <pPV<pPlY (16)
X’Ii\{ XEV+PEVT+Xexchange (17)

where X*V and P}V are the GES capacity and power of the
EV cluster, respectively, with positive and negative values
corresponding to the charging and discharging of GES.

The model (15)-(17) faithfully represents the external char-
acteristics and aggregation regulation range of EV clusters,
while considering the charging and discharging efficiency of
individual EV.

B. GES Model for HVAC Clusters

The GES model for HVAC clusters can be constructed
analogously to that for EV clusters. The parameter planning
method maps the boundary parameters of temperature to
those of capacity of an ideal battery, thereby establishing the
external representation and defining the aggregation regula-
tion range for HVAC clusters, as expressed in (18)-(20).

Xﬁ-{VAC < XtHVAC < XZHVAC (18)
B:—IVAC SPtHVAC SP[HVAC (19)
X:.IYAC —(ZHVACXtHVAC +PtHVACT (20)

where X"VA¢ and P/"*“ are the GES capacity and power of
the HVAC cluster, respectively; X"V and X" are the up-

per and lower limits of GES capacity of the HVAC cluster,
respectively; PV and P! are the upper and lower pow-
er limits of GES power of the HVAC cluster, respectively;
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and "€ is the mean value of the dissipation coefficient of

the GES cluster. The detailed derivation process can be
found in [20].

C. Uncertainty Probability Set Modeling Approach for EV
and HVAC Clusters

Since the flexible operation regions for the GES capacity
of EV and HVAC clusters are susceptible to stochastic user
behavior, planning and operation based on the aforemen-
tioned deterministic model carry a risk of failure. Further-
more, the uncertainty probability sets for EV and HVAC
clusters are difficult to obtain. Thus, this paper employs a da-
ta-driven approach to construct M stochastic scenarios for
EV clusters and HVAC clusters from historical datasets. The
ambiguous variable set for the individual EV in each scenar-
io ¢% includes the grid connection time, disconnection time,
initial SOC, and expected SOC. The ambiguous variable set
for the individual HVAC system in each scenario ¢™* in-
cludes set temperature 6, ., thermal capacitance C,, and ther-
mal resistance R,.

I,set>

gev:{Tia’ T[d“X'ia’)(ieX}
&M ={0, - Cio R}
The proposed GES models for EV and HVAC clusters em-
ployed to construct their respective ambiguous variable sets
EBV for the EV clusters and &"VAC for the HVAC clusters.
These sets are derived from the aforementioned base vari-
ables, as expressed by:
{éEV:{XEV XtEV PEV PIEV Xtexchange}
— 2 7_[ 2 2

HVAC _ HVAC yrHVAC HVAC pHVAC HVAC
5 _{X[ 7Xt 71_), 7Pr 7I)base,t

(e2y)

(22)
where PVAC is the baseline power of the HVAC cluster, and
its calculation method is referenced from [20].

Computations are performed separately on M samples of
historical data from both the EV and HVAC clusters using
the GES ambiguous variable sets. This is followed by the ap-
plication of the K-means clustering algorithm, thereby deriv-
ing J discrete typical scenarios with their initial probability
distribution. Given that each scenario retains inherent uncer-
tainty, a comprehensive norm constraint is constructed
around this initial distribution. This constraint, which in-
cludes the 1-norm and oo-norm, confines the probability dis-
tribution of the uncertain scenarios within a reasonable fluc-
tuation range, which can be expressed as:

|p,-p] = 2\ p=p}| <p, (23)
| =), = max|p,=p}| <p. (24)

where p} is the initial probability distribution value of scenar-
i0 j; p, is the probability distribution value of scenario j; and
p, and p_ are the permissible ranges of probability distribu-
tions under the constraints of the 1-norm and oo-norm, re-
spectively. Larger values of p, and p, imply a wider range
of admissible distributions and thus stronger robustness. The
probability distribution must satisfy the following confidence
constraints:
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s 2,
PriN|p—pl| <p (2 1-20 7 =g, (25)
=1
Pr{max p/.—pﬂSpw}Zl—ZJe’ZM“:aw (26)
1<j<g ™

where o, and o, are the uncertainty probability confidence
levels, from which the equations for the calculation of p,
and p_, are obtained as:

A
P= oM " T a, @7
g, Y
Pe= oM " 1, (28)

The ambiguous variable set Q for the flexible operation re-
gion of GES capacity is formulated based on the comprehen-
sive norm constraint. It can be observed that as the number
of sample sizes approaches infinity, the reference distribution
converges to the true distribution under the constraints of the
I-norm and co-norm.

J
Q=1p=(p,)j=1.2....J0<p,<1.> p=1,
j=1

29)

2\ p=p} | <prmax|p,-pl| <p.,

1<j<J
where p is the scenario probability distribution vector of the
EV and HVAC clusters.

IV. TWO-STAGE DISTRIBUTIONALLY ROBUST CAPACITY
CONFIGURATION METHOD

By leveraging the proposed GES models for EV and
HVAC clusters, these clusters can participate as GES in the
capacity configuration and operation of SES station, aiming
to reduce the PES investment costs and improve utilization
efficiency.

A. Objective Function

Driven by the energy storage requirements of users, the
SES operator aims to minimize the average daily total cost
over the planning period. This total cost comprises two com-
ponents: the equivalent daily investment cost F,, and the typi-
cal scenario operation cost /. The DRO model proposed in
this study is a two-stage model with a three-layer “min-max-
min” structure. In the first stage, the objective is to mini-
mize the SES configuration cost, with the configuration ca-
pacity serving as the decision variable. The second stage
aims to minimize the scheduling cost under the worst-case
probability distribution of scenarios. The objective function
is as follows:

J

Fm=min| F, + max Py minF (30)
7 j:
Fop:Crﬁ§+Cde+CEV+CHVAC_Rgrid_Rsv_Rtr (€29)

where CL3 is the cost of maintaining the PES; C,, is the loss

cost of PES; Cyy is the scheduling compensation cost of EV
clusters; Cygyac 1s the scheduling compensation cost of
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HVAC clusters; R, is the net revenue from grid electricity
trading, calculated as the income from sales minus the cost
of purchases made to fulfill user agreements; R, is the reve-
nue generated from providing energy storage services (charg-
ing and discharging) to users; and R, is the revenue gained
from trading electricity between the SES station and the user
(the SES station pays the user a certain compensation when
the user is charging and charges the user a certain fee when
the user is discharging).

The specific expressions for each cost and revenue are giv-
en as:

1 r(l+ r)Y x

n= %m@mfﬁ?“ﬁfﬁs )T (32)
Coa=Cma P (33)

.
Coe= Dcau (P4 Py (34)

t=1

T
CEV — E[CP PtEV dlST + CX (XtEV _XtEV )_ cgrld (P[EV cha PtEV dis )T]
1

buy
1=
(35)
T N
CHVAC _ ECH (PtHVAC. cha + PZHVAC'dlS )Z' (36)
t=1
C d d
rid id T T
Rgird = z(cgc]] Psg;ll,z - Cguy Pt%uy.l )T (37)
t=1
K T i
Ry= > Do (PEF™+ P ™) (38)
k=1t=1
& di h
Ry= > > (cGPE " = ey P ™ (39)

k=1t=1

where 7 is the discount rate; Y is the planning horizon; c}
and cf are the investment costs per unit capacity and per
unit power of the PES, respectively; X5 and PS5 are the up-
per capacity and power limits of the energy storage, respec-
tively; K is the number of users that trade with the SES sta-
tion; c,,, is the maintenance cost per unit of power for the
PES; ¢, is the loss cost factor of charging and discharging
power of the PES; P and PFS% are the charging and dis-
charging power of the PES, respectively; ¢, and cy are the
compensation factors of battery loss and user capacity satis-
faction for EVs, respectively; PPV and PF"-%* are the charg-
ing and discharging power of EVs, respectively; P;VACch
and P/VA“S are the charging and discharging power of
HVAC clusters, respectively; ¢y is the compensation factor
of user satisfaction for HVAC clusters; cgy and c% are the
purchase and sale prices of electricity for the SES station
transacting with the grid, respectively; Pg, and PZ}, are the
electricity purchased from and sold to the grid by the SES
station, respectively; ¢y and ¢y are the charging and dis-
charging transaction prices between the SES station and the
user, respectively; ¢, is the energy storage service cost fac-
tor that the user needs to pay for charging and discharging;
and Pj™ and P}5°® are the charging and discharging pow-
er that the SES station trades with user &, respectively.

grid
sell
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B. Constraints

1) Capacity and Power Constraints of PES

The capacity and power of the PES need to satisfy a cer-
tain ratio. Equation (40) specifies the energy ratio constraint
of the PES. Equation (41) is the power constraint of the PES.

Xy* =Py (40)
0<PES<pmx (41)
where 1 is the energy ratio of the PES; and P{™ is the upper
power limit of the PES.
2) Operational Constraints of SES Station

Equations (42)-(47) represent the charging and discharging
power constraints and energy constraints of the PES.

X5 = oS XS 4 S cha pES-cha . pES.dis ), ES. dis (42)
Xo<XP<X® (43)
PfS=plSch_ plsdi (44)

uh+yt < (45)

0 < PfSeha<yha pEs (46)

0<PS® <P (47)

where P and X are the charging and discharging power

and capacity of the energy storage, respectively; X=° is the

lower capacity limit of the energy storage; #"S" and 5"

are the charging and discharging efficiencies of the energy

cha

storage, respectively; ™ is the self-discharging rate; and u
and u®™ are the charging and discharging state variables of
the energy storage, respectively, with u™™=1 indicating
charging and u =1 indicating discharging.

Since (46) and (47) contain products of continuous and bi-
nary variables, these nonlinear terms can now be decoupled

and linearized, resulting in the following formulations:
0 < PtEs, cha < ufhapil:ax
0 < P/ES’ dis < u([ﬁSPil;l;laX
ES, cha pES
Y

ES.dis « BHES
PPy

(4%)

Furthermore, the SES station must comply with the GES
constraints. Specifically, the operation of the EV clusters
needs to satisfy the flexible operation region of the GES ca-
pacity shown in (15)-(17). Similarly, the operation of the
HVAC clusters needs to satisfy the flexible operation region
of the GES capacity shown in (18)-(20).

The SES station should meet the base load demand of the
distributed resources, the power demand traded with the
grid, and the power demand traded with the users, as shown
in (49).

P[ES,dis_P;ES,chn_,’_PtEV+P[}{VAC:P|2\S/;:AS_P§:I;:}t+

grid use,dis __ puse,cha
Po+ E(Pk.,t PEr)
k

(49)

At the same time, the SES station also needs to satisfy the
power balance constraint for PES, as shown in (50).

T
E(PIES,dls _ PtES,cha ): 0 (50)
t=1
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V. DRO MODEL SOLVING ALGORITHM

The DRO model can be solved using the column-and-con-
straint generation (C&CG) algorithm, which decomposes it
into a master problem (MP) and a sub-problem (SP), effec-
tively reducing the problem complexity. During the solution
process, new variables and constraints generated by the SP
are iteratively introduced into the MP. This iterative process
causes the lower bound Ly of the objective from the MP and
the upper bound Uy of the objective from the SP to con-
verge, ultimately yielding the global optimal solution.

A. MP

The MP of the DRO model aims to find the optimal con-
figuration capacity of the PES and the optimal scheduling
strategy of the SES station, given the known probability dis-
tribution values of scenarios. Its mathematical model is giv-
en as:

min (F, (x)+6) (51)
S.t.

h(x)<0 (52)

0> 3 plirie g ) (53)

g(x.&.y")<0 (54)

where 6 is the SP slack variable; /4(-) denotes the constraints
that are dependent solely on the first-stage decisions;p!” is
the probability distribution value of scenario j in the /™ itera-
tion, which is a known quantity returned by the SP; x is the
first-stage variable, which denotes the configuration capacity
and power of the PES; ¢; is the ambiguous variable of sce-
nario j; y\" is the second-stage variable of scenario j in the /*
iteration introduced for the MP, which denotes the power of
the SES station trading with the grid and the simulated oper-
ating power of each unit; r() is the objective function of the
inner minimum problem; and g(-) denotes the constraints re-
lated to the second-stage operation.

Equation (52) denotes the constraints related only to the
first-stage energy storage configuration, including (40) and
(41). Equation (53) denotes the introduced auxiliary variable
constraints. Equation (54) denotes the constraints related to
the second-stage operation, as given by (15)-(20), (42)-(45),
and (48)-(50).

B. SP

The SP of the DRO model aims to identify the worst-case
probability distribution based on the optimal operational re-
sults of scenarios, given a fixed energy storage configura-
tion. Its mathematical model can be expressed as:

J

7| 2, iy PG| 69
s.t.
g(x".&.y,)<0 (56)

where x" is the first-stage configuration result, which is a
known parameter; and U(x,¢; ) is the feasible operation re-
gion for y,, given the first-stage variables and the ambiguous

JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. 14, NO. 3, May 2026

variables.

The constraint (56) pertains to the operational constraints
related to trading, including constraints (15)-(20), (42)-(45),
and (48)-(50).

The mathematical model of the SP is a max-min problem.
Since the scheduling problem of the SES station in each sce-
nario is independent, a parallel solving method can be em-
ployed. Therefore, the SP can be transformed into the follow-
ing two optimization problems for sequential solution.

The objective function of the scheduling problem of the
SES station is given by (57), and the constraints are defined
by (56).

r(x.g)= min Fo, (x.6.,) (57)
where r(-) is the objective function value of the SP for each
uncertain scenario.

The objective function for the optimization problem of
identifying the worst-case probability distribution of scenari-
os is expressed by (58), and the ambiguous variable set of
probability distributions in the flexible operation region of
GES capacity is described by (29).

J
max Zp, "x.¢&) (58)
€9 =

By solving the two optimization problems (57) and (58)
alternately, the worst-case probability distribution of scenari-
os can be obtained and subsequently transmitted to the MP
for the next iteration. The flowchart of the DRO model solv-
ing algorithm is shown in Fig. 3.

VI. CASE STUDY

Three different types of prosumers within a park are se-
lected as research subjects. Each prosumer is directly con-
nected to the SES station, where the ratio of the maximum
power to the capacity for the configured energy storage is
set to be 2.74. The EV is modeled using parameters of the
Tesla Model Y. The K-means clustering algorithm is applied
to the sampled data of EV and HVAC clusters, reducing the
number of scenarios to four typical ones. The implementa-
tion is performed in MATLAB 2017b, and the problem is
solved using the commercial solver Gurobi-11.0. The basic
simulation parameters are presented in Table I.

In this paper, the following four different cases are de-
signed to test the validity of the SES station and the pro-
posed GES models for EV and HVAC clusters.

Case 1: prosumers configure energy storage individually,
and EVs and HVAC systems participate in the market with
ordered charging mode and traditional air conditioning
mode, respectively.

Case 2: with SES station, EV and HVAC clusters partici-
pate in the market with ordered charging mode and tradition-
al air conditioning mode, respectively.

Case 3: without SES station, EV and HVAC clusters par-
ticipate in the market with their GES models under operator
scheduling.

Case 4: with SES station, EV and HVAC clusters partici-
pate in the market with their GES models under operator
scheduling.
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TABLE I
BASIC SIMULATION PARAMETERS
Generate the data samples of EV and HVAC
clusters using the Monte Carlo sampling method Parameter Value
B i : 1 Initial SOC of PES 0.4
m(fiil Calcu.late flexible opergtion Calculj«lte flexible operation Investment cost per unit power (CNY/kW) 1897
tegionof GIES G regionof (]}ES power Discharging efficiency of battery 0.95
v Degradation coefficient of PES (CNY/kW) 0.5
Compute the GES datasets
FEV and FHVAC Coefficient of the maximum power and capacity of PES 2.74
1 Upper power limit of EVs (kW) 6.5
Set the number of iterations to be 1 and specify Battery capacity of EVs (kWh) 60
the initial probability distribution value Lower SOC limit of EVs 01
DRO pl-D Time-of-use rate (CNY/kWh) [1.4,0.8, 0.55]
model Employ MP to estimate the lower bound Thermal resistance range (°C/kW) (2. 3]
I= ]El Ly, of the objective Upper power limit of HVAC systems (kW) 3
lConﬁguration capacity Investment cost per unit capacity (CNY/kW) 1200
‘ Solve SP (56) and (57) ‘ Charging efficiency of battery 0.95
- : l Average daily maintenance coefficient of PES (CNY/kW) 0.08
Add;?g:;g;;?ﬁ:bles ‘ Solve SP (29) and (58) ‘ Service life of PES (year) 10
T Charging/discharging efficiency range of EVs [0.85, 0.95]
Find the worst-case probability distribution p]@ of Lower power limit of EVs (kW) -6.5
scenarios and the lower bound Uy, of the objective Upper SOC limit of EVs 0.9
Number of EVs 200
Thermal capacity range (kWh/°C) [2, 3]
Number of HVAC systems 2000
Temperature setting range (°C) [20, 24]

Output planning results and simulation results

End

Fig. 3. Flowchart of DRO model solving algorithm.

A. Analysis of Different Configurations of SES Station

Table II presents the planning results of SES stations un-
der different cases. As can be observed, Case 1 corresponds
to individual energy storage configurations for prosumers,
with a total capacity of 3295.60 kWh. However, the utiliza-
tion rate of these individual energy storage resources re-
mains low. In contrast, Case 2, through the implementation
of an SES station, leverages the load diversity and renew-
able energy output complementarity among different prosum-
ers, thereby significantly reducing the underutilization of en-
ergy storage resources. The energy storage capacity in Case
2 is 26.90% lower than that in Case 1. Case 3 further incor-
porates the energy storage characteristics of proposed GES
models for EV and HVAC clusters, enhancing the resource
utilization and increasing the total revenue through peak
shaving and valley filling. While still employing an SES sta-
tion, Case 4 leverages the flexible regulation capabilities of
demand-side resources to enable more effective peak shav-
ing and valley filling. It saves 1001.27 kWh of energy stor-
age capacity compared with Case 2, which is a 42.52% re-
duction in configuration capacity. The daily equivalent cycle
count is the ratio of the average daily charging or discharg-
ing capacity to the actual energy storage capacity. The daily
equivalent cycle count of the PES increases from 1.6869 in
Case 1 to 1.9479 in Case 4.

TABLE 11
PLANNING RESULTS OF SES STATIONS UNDER DIFFERENT CASES

Case Energy storage  Investment Total revenue Daily equivalent
capacity (kWh)  cost (CNY) (CNY) cycle count
Case 1 3295.60 3141.89 1.6869
Case 2 2408.98 2296.63 1761.59 1.8958
Case 3 2072.30
Case 4 1384.57 1320.00 2820.48 1.9479

The coordination of GES within the SES station enables
the SES operator to achieve a substantial reduction in invest-
ment and operating costs of PES, concurrently increasing the
flexibility of the controllable resources. This significantly en-
hances the profitability of the SES operator, yielding profit
increases of 26.53% over Case 3 and 37.54% over Case 2.
Following the integration of GES into the operation of SES
station, the static investment payback period of PES is re-
duced from 8.75 years to 3.14 years, and the return on in-
vestment increases by 20.42%. The typical daily operating
curves of HVAC and EV clusters are shown in Appendix A
Fig. Al and Fig. A2, respectively.

Figure 4 presents the power optimization results for the
first typical scenario of the SES station in Case 4. Although
the GES models for EV and HVAC clusters discharge less
frequently than the PES, their discharging capacity is consid-
erable. The GES plays a substantial role in the operation of
the SES station, by effectively reducing its required configu-
ration capacity and providing prosumers with more flexible
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and adjustable resources. Furthermore, although the SES op-
erator purchases substantial electricity from the grid, this
cost is not borne by the operator, as it is primarily used to
meet EV charging demand.

5000, " ; . ‘
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Fig. 4. Power optimization results for first typical scenario of SES station
in Case 4.

B. Accuracy Analysis of Proposed GES Model for EV Clus-
ters

This subsection evaluates the proposed GES model for
EV clusters against the traditional model (TM) and the VB
model [21] to ascertain its accuracy. The power and capacity
scheduling results of different models are shown in Fig. 5
and Fig. 6, respectively. EV clusters are sampled using the
Monte Carlo method, with charging and discharging efficien-
cies assumed to follow a uniform distribution
7"~U[0.85,0.95] and 5~U[0.85,0.95].

i

1200
900} P
600
5 300} ,,% -~
5 OF \ )
E P
£ -300f 5
-600¢ e
-900 | DRl £
200
1 3 5 7 9 11 13 15 17 19 21 23
2 4 6 8 10 12 14 16 18 20 22 24
Time (hour)
— GES model;----- T™; VB model

- - - Boundary of GES model; - - - Lower bound of VB model

Fig. 5. Power scheduling results of different models.

A critical criterion for an aggregation model is the accura-
cy of its replication of the external characteristics of clusters.
In this study, the capacity of the proposed GES model for
EV clusters is compared with the ideal battery capacity of
the TM (denoted as ideal capacity), while the capacity of the
VB model is compared with the real battery capacity of the
TM (denoted as real capacity), as shown in Fig. 6.
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Fig. 6. Capacity scheduling results of different models.

As shown in Fig. 5, the power calculated by the proposed
GES model for EV clusters closely aligns with that for the
EV cluster by the TM. The SES operator reduces operating
costs by curtailing EV charging power during the periods of
the 6™-9" hours and 14"-18™ hours and strategically discharg-
ing some EVs. In contrast, the VB model yields lower oper-
ating power than the TM, as it does not consider the charg-
ing and discharging efficiencies. Since the VB model ne-
glects the discharging efficiencies when defining the lower
boundary of the flexible operation region of the GES power,
its lower boundary falls below that of the flexible operation
region of GES power. Therefore, the dispatch power deter-
mined by the VB model remains below the flexible opera-
tion region of the actual power at the 8" hour and the 16"
hour. It can also be observed from Fig. 6 that the capacity of
the proposed GES model aligns with the ideal capacity,
while a gap exists between the capacity of the VB model
and the actual capacity. This discrepancy is particularly evi-
dent during the aforementioned discharging periods of EV
clusters. Although the aggregated capacity of the proposed
GES model does not equal the sum of capacities of all indi-
vidual EVs, its key strength lies in satisfying the operational
power constraints within the feasible operation region. This
ensures a precise capture of the external power characteris-
tics at the aggregate level.

A detailed comparison of the planning results of SES sta-
tions under the VB model and the proposed GES model for
EV clusters is conducted using the parameters in the first
typical scenario, which is shown in Table III. The results in-
dicate that while the energy storage capacity configured by
the proposed GES model for EV clusters is higher than that
by the VB model, the proposed GES model for EV clusters
yields higher total revenue. This discrepancy occurs because
the VB model neglects the charging and discharging efficien-
cies of EV clusters, leading to an overestimated feasible op-
eration region. In contrast, the proposed GES model for EV
clusters accounts for the charging and discharging efficien-
cies of EV clusters, which makes the scheduling results bet-
ter aligned with the actual behavior of EV clusters and thus
more reliable. Due to neglecting the charging and discharg-
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ing efficiencies, the VB model must purchase additional elec-
tricity from the grid during operation to compensate for the
energy shortfall during the discharging periods of EV clus-
ters, resulting in a daily loss of 720.5944 CNY. Conversely,
the proposed GES model for EV clusters, which is more ac-
curate and conservative, anticipates an energy surplus during

965

the periods of the 6"-8" hours and 15"-19" hours, which can
be sold back to the grid, yielding a profit of 35.7131 CNY.
These results demonstrate that the proposed GES model for
EV clusters more accurately captures both the flexible opera-
tion region and external characteristics of EV clusters.

TABLE III
COMPARISON OF PLANNING RESULTS OF SES STATIONS UNDER DIFFERENT MODELS

Model  Energy storage capacity (kWh) Investment cost (CNY)  Operating revenue (CNY) Compensation cost (CNY)  Total revenue (CNY)
VB 1616.10 1540.72 5254.22 720.59 2992.89
GES 1888.89 1800.80 5410.34 -35.71 3573.82

C. Comparative Analysis of Different Methods

1) Comparison with Deterministic Capacity Configuration
Method

The proposed method is compared with the deterministic
capacity configuration method. The planning results of SES
stations are simulated in the worst-case scenario to assess
the risk control ability of the two methods, and the compari-
son is shown in Table IV. As shown in Table IV, employing
the deterministic capacity configuration method to configure

PES can achieve more abundant capacity configuration and
higher operating revenue. Due to the significant influence of
user behavior, the GES parameters calculated using the deter-
ministic capacity configuration method exhibit considerable
fluctuations. This results in overcapacity and high invest-
ment costs, which could entail risk loss cost in extreme sce-
narios of up to 237.82 CNY. In contrast, the proposed meth-
od reduces the risk loss cost in extreme scenarios to only
27.69 CNY, demonstrating superior risk management capabil-

ity.

TABLE IV
COMPARISON OF PLANNING RESULTS OF SES STATIONS UNDER DIFFERENT METHODS

Operating revenue (CNY) Risk loss cost (CNY) Total revenue (CNY)

Method Energy storage capacity (kWh) Investment cost (CNY)
Deterministic 1779.18 1696.20
Proposed 1384.57 1320.00

4701.99 237.82 2767.97
4140.48 27.69 2792.78

2) Comparison with Other Models

The proposed DRO model is compared with the SO and
RO models. EV clusters and HVAC clusters with varying
sample sizes are selected to illustrate the advantages of the
proposed DRO model, and the results are presented in
Fig. 7.
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Fig. 7. Comparison of results of different models.

As shown in Fig. 7, the proposed DRO model enables
flexible adjustment of conservativeness through sample size

variation. This allows for managing uncertain risks while
considering economic efficiency. When the sample size
reaches 200, the results converge to those of the SO model.
For comparison, using the traditional RO model instead of
the proposed DRO model results in an operating profit of
2791.89 CNY. This overly conservative model leads to re-
duced operating profit. The results show that the proposed
DRO model strikes a balance between the economic efficien-
cy of the SO model and the conservatism of the RO model,
and provides tunable levels of economy and robustness.

D. Sensitivity Analysis on Uncertainty of EVs and HVAC
Systems

Different prediction error multipliers are used to perform
sensitivity analysis [29] on the uncertainty of EVs and
HVAC systems, and the results are shown in Fig. 8. As the
multiplier increases, the SES operator fails to provide suffi-
cient discharging capacity, compelling the operator to pur-
chase electricity at elevated grid prices to fulfil contracts and
thereby progressively escalating compensation costs. Since
EVs have more ambiguous variables and higher volatility
than HVAC systems, the compensation costs associated with
EVs demonstrate more pronounced changes as the multiplier
increases.
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Fig. 8. Sensitivity analysis results on uncertainty of EVs and HVAC sys-
tems.

VII. CONCLUSION

To harness the flexible scheduling potential of numerous
and heterogeneous distributed resources while mitigating as-
sociated uncertainties, we employ a two-stage distributional-
ly robust capacity configuration method for SES that ac-
counts for the flexibility and uncertainty of distributed re-
sources. Combined with simulation analysis, the following
conclusions are drawn.

1) The proposed shared system architecture for the GES,
which integrates virtual energy storage like EVs and HVAC
systems with the PES, can reduce the investment and opera-
tion costs of the PES while increasing operating revenue.

2) The proposed GES model for EV clusters provides a
more accurate aggregation model of their flexible operation
region and external characteristics compared with existing
aggregation models.

3) To address uncertainties of demand-side EVs and
HVAC systems, the proposed DRO model can effectively
balance the benefits of SO and RO models. The proposed
DRO model strikes a balance between economic efficiency
and robustness in the capacity configuration problem of SES.

Future work will further investigate the optimal site selec-
tion method for SES station. Additionally, the interaction
characteristics between prosumers and GES models such as
EVs and HVAC systems will also be a key focus of future
research.
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Fig. Al. Typical daily operating curve of HVAC clusters.
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