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Abstract

Shared energy storage (SES) in renewable energy bases can integrate reliability support,
curtailed-energy accommodation, spot-market arbitrage, and frequency-regulation services,
but unclear service boundaries and static depreciation may distort capacity-allocation
and economic-evaluation results. This paper proposes a bi-level capacity optimization
model that incorporates operational intensity and dynamic depreciation. The model de-
fines service-occupation boundaries and cycle-attribution rules, uses annual equivalent
cycles to quantify cycling intensity, and feeds this intensity back into economic lifetime and
capacity-side depreciation, forming a closed loop of capacity configuration, operational
dispatch, lifetime assessment, and cost correction. A seasonal representative-day case study
shows that static depreciation overestimates annualized net income by 7.55% under the
same configuration. The dynamic-depreciation closed loop corrects the evaluation of high-
cycling schemes and identifies leasing-based reliability support, passive curtailed-energy
accommodation, and spot-market arbitrage as the preferred scheme under the benchmark
conditions. Passive accommodation reduces annual curtailed energy by 54.90% and in-
creases annualized net income by 41.40%. The proposed method provides a quantitative
basis for capacity configuration and multi-service operation of shared energy storage in
renewable energy bases.

Keywords: shared energy storage; renewable energy base; capacity configuration; annual
equivalent cycles; dynamic depreciation; bi-level optimization

1. Introduction
With the continued advancement of the “Dual Carbon” goals, the installed capacity

of renewable energy represented by wind power and photovoltaic power has grown
rapidly, and renewable energy bases and clusters have become an important direction
for the low-carbon transformation of power systems [1]. Compared with conventional
power sources, renewable energy output is characterized by randomness, volatility, and
counter-peak regulation features. When large-scale renewable energy is centrally connected
to the grid, mismatches among renewable output, load demand, transmission-channel
capacity, and system regulation capability may cause wind and solar curtailment, grid-
connection constraints, and insufficient operational flexibility [2,3]. Energy storage systems,
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owing to their fast charging and discharging capability, energy time-shifting function,
and bidirectional regulation characteristics, have become an important technical means to
improve renewable energy accommodation, enhance system flexibility, and support the
construction of new power systems.

Conventional energy storage configuration is generally dominated by self-built and
self-used systems for individual renewable energy stations. However, in renewable energy
base scenarios, the output fluctuations, curtailment periods, and regulation requirements
of different wind farms and photovoltaic stations are not completely consistent. Indepen-
dent configuration at each station may therefore lead to duplicated investment, redundant
capacity, and insufficient equipment utilization. Shared energy storage, through central-
ized construction, unified operation, and multi-entity sharing, transforms energy storage
resources from dedicated station-side assets into public regulation resources serving multi-
ple renewable energy entities [4]. Existing studies have examined shared energy storage
from several perspectives, including capacity planning, coordinated operation of station
clusters [5,6], leasing mechanisms, spot-market arbitrage, ancillary-service participation,
and degradation-aware evaluation [7,8].

As shared energy storage shifts from single-function operation to joint multi-service
operation, its capacity configuration and dispatch become more strongly coupled [9,10].
Leasing-based reliability support, passive accommodation of curtailed renewable energy,
spot-market arbitrage, and frequency-regulation ancillary services occupy power capac-
ity, energy capacity, and state-of-charge (SOC) space in different ways [11]. If service
boundaries are not explicitly defined, reliability-support resources may be crowded out by
market-oriented dispatch, and conflicts may arise among accommodation space, arbitrage
space, and frequency-regulation reserves. Meanwhile, multi-service stacking increases
cycling intensity and may accelerate battery degradation [12–14]. Capacity configuration
models based on fixed-lifetime or static-depreciation assumptions may therefore overesti-
mate the long-term economic performance of high-cycling operation schemes.

In summary, although existing studies have addressed the multi-scenario configu-
ration and diversified revenue evaluation of shared energy storage, several limitations
remain. First, the allocation of power-capacity space and service priorities among stacked
services has not been clearly characterized, making it difficult to reflect resource-occupation
boundaries in joint operation. Second, lifetime degradation is often treated using fixed
depreciation periods or fixed cycling costs, without feeding actual operating intensity
back into the economic lifetime and capacity-side depreciation cost. Third, the closed-loop
mechanism among service boundaries, operating intensity, lifetime depreciation, and ca-
pacity configuration has not been sufficiently characterized [15,16]. Therefore, it remains
difficult to jointly evaluate the effects of multi-service revenue improvement, curtailed-
energy accommodation enhancement, and lifetime-depreciation cost variation on capacity
configuration results.

To address the above issues, this paper develops a bi-level optimal configuration
method for shared energy storage in renewable energy bases under multi-service operation,
considering operational intensity and dynamic depreciation. First, service-occupation
boundaries and cycle-attribution rules are clarified under the principle of “reserve priority,
idle-space accommodation, and residual market-based dispatch”. Second, annual equiv-
alent cycles are used to quantify the operational intensity of shared energy storage and
to connect service-specific cycling contributions with lifetime assessment. Third, opera-
tional intensity is fed back into the actual economic lifetime and capacity-side dynamic
depreciation cost, forming a closed-loop capacity optimization framework solved by Dung
Beetle Optimizer (DBO) and Mixed-integer linear programming (MILP) [17]. Seasonal
representative-day case studies further verify the proposed method through dynamic-
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depreciation model comparison, multi-service scheme selection, operational-mechanism
verification, and parameter sensitivity analysis. The results show that dynamic depreciation
can correct the overestimation of high-cycling schemes and support economically robust
multi-service operation decisions for shared energy storage in renewable energy bases.
Compared with existing studies that mainly focus on shared energy storage scheduling,
multi-service revenue evaluation, degradation-aware dispatch, or fixed cycling-cost rep-
resentation, the present study further emphasizes the closed-loop interaction between
service-boundary allocation, service-specific cycling intensity, economic lifetime correction,
and capacity configuration. The methodological novelty of this paper therefore lies in
the integration of four linked elements. First, the power-capacity, SOC-feasibility, and
cycle-attribution boundaries of leasing-based reliability support, passive curtailed-energy
accommodation, spot-market arbitrage, and frequency-regulation services are explicitly
separated. Second, a service-specific cycle-attribution logic is established to avoid double
counting of cycling contributions under multi-service stacking. Third, annual equivalent cy-
cles are fed back into the actual economic lifetime and the annualized capacity-side dynamic
depreciation cost, so that high-cycling configurations are economically corrected during
capacity planning rather than only evaluated after dispatch. Finally, the above mechanisms
are embedded into a bi-level configuration-dispatch framework, in which upper-level
capacity decisions and lower-level representative-day operation interact through revenue,
curtailed energy, cycling intensity, lifetime, and depreciation-cost feedback.

2. Operation Mode of Shared Energy Storage in Renewable Energy Bases
2.1. Multi-Service Coordinated Operation Framework

Shared energy storage for renewable energy bases simultaneously undertakes
reliability-support services, accommodation services, and market-oriented services [18,19].
In this paper, the operation process is divided into four service segments: leasing-based
reliability support, passive accommodation of curtailed renewable energy, spot-market
arbitrage, and frequency-regulation ancillary services. The operating principle of “re-
serve priority, idle-space accommodation, and residual market-based dispatch” is adopted.
Specifically, the resources reserved for leasing are first used to satisfy reliability-support
dispatch, and their idle part can be used for passive accommodation of curtailed renewable
energy. Spot-market arbitrage only uses the remaining adjustable space after deducting
leasing reserves and frequency-regulation reserves, while frequency-regulation services
participate in the ancillary service market by reserving part of the converter power capacity.

It should be noted that passive accommodation of curtailed renewable energy is not
an independent chargeable service, but an accommodation function undertaken when
leasing-based reliability-support resources are idle. The leased power belongs to the
reliability-support reserve capacity committed to renewable energy stations, rather than
freely dispatchable market-oriented arbitrage power. Therefore, the multi-service operation
boundaries of shared energy storage are divided into three categories [20,21]. The first
is the power-occupation boundary, in which leasing-based reliability-support power and
frequency-regulation reserve power occupy converter capacity with priority, and spot-
market arbitrage only uses the remaining power after these reserves are deducted. The
second is the SOC feasibility boundary, in which passive accommodation and reliability-
support dispatch must satisfy the SOC upper and lower limits and the initial-terminal
SOC closure constraint in Equation (23). Before entering the lower-level optimization, the
exogenous reliability-support dispatch curve must be checked for power and SOC feasibility.
The third is the cycle-attribution boundary, which distinguishes leasing-related cycles, spot-
market arbitrage cycles, and frequency-regulation cycles according to service channels. No
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explicit SOC reserve variable is further introduced in this paper, and frequency-regulation
responses are treated as zero-mean disturbances at the day-ahead dispatch timescale.

To further illustrate the stakeholder relationships and service boundaries of shared
energy storage in renewable energy bases, an operational framework is developed, as
shown in Figure 1.

Figure 1. Operational framework of shared energy storage in a renewable energy base. The blue,
green, and pink boxes denote the shared-energy-storage operation module, external stakehold-
ers/markets, and the priority principle, respectively; the dashed arrow indicates that the priority
principle guides the coordination of the service modules.

As shown in Figure 1, the shared energy storage system is positioned among the renew-
able energy base, the spot electricity market, the frequency-regulation ancillary service mar-
ket, and the shared energy storage operator. The renewable energy base provides renewable
output, grid-connection constraints, and curtailed-energy accommodation demand. The
spot market provides price signals for arbitrage operations, and the frequency-regulation
ancillary service market provides regulation requirements and compensation mechanisms.
The shared energy storage operator is responsible for leasing strategy formulation and
operational management, thereby coordinating multi-stakeholder resource allocation.

2.2. Service Boundaries and Cycle-Attribution Logic

Based on the above multi-service operation boundaries, this paper further clarifies
the cycle-attribution relationships among different services to avoid double counting of
cycling degradation under joint multi-service operation [22]. Leasing-related cycles include
the cycles caused by periodic testing, routine maintenance, reliability-support dispatch,
and passive accommodation of curtailed renewable energy undertaken by idle leased
resources. Spot-market arbitrage cycles are formed by active charging and discharging
behaviors driven by market price signals, while frequency-regulation cycles are formed by
frequency-regulation response power.

Although passive accommodation of curtailed renewable energy is treated as an
independent operational segment in the service-boundary division, it uses the idle power
and SOC space of leasing-based reliability-support resources when they are not called
upon, rather than being an active market-arbitrage behavior based on electricity price
signals. Therefore, in the cycling-degradation accounting adopted in this paper, the cycle
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contribution generated by passive accommodation is attributed to leasing-related cycles
and is not included in spot-market arbitrage cycles. This attribution rule provides the
statistical basis for annual equivalent-cycle calculation and dynamic-depreciation feedback
in the subsequent model.

3. Operational-Intensity Characterization and Bi-Level Optimization
Model for Shared Energy Storage
3.1. Operational-Intensity Characterization and Calculation of Annual Equivalent Cycles

To characterize the utilization level of shared energy storage under different service
combinations, this paper adopts the annual equivalent number of cycles as the operational-
intensity indicator [23]. This indicator can uniformly map the charge–discharge utilization
levels in representative-day dispatch, arbitrage operation, and ancillary-service participa-
tion to the lifetime assessment and depreciation-cost correction processes. To establish a
unified metric for degradation quantification under different service modes, this paper char-
acterizes the operational intensity of energy storage using an equivalent-cycle conversion
criterion based on available capacity. Considering that the revenue from spot-market arbi-
trage is mainly realized through grid-injected discharge energy, and that the existing case
studies in this paper calculate arbitrage cycles based on discharge-side energy, the arbitrage
equivalent cycles of representative days are defined as discharge-side equivalent cycles.

narbi,s =
∑24

t=1 Parbi
dis,s(t)·∆t

ηdis·E·(SOCmax − SOCmin)
(1)

where Parbi
dis,s(t) denotes the arbitrage discharging power decided in time period t of repre-

sentative day s, MW; ∆t is the dispatch time step, which is set to 1 h; E denotes the rated
energy capacity of the energy storage system, MWh; SOCmax and SOCmin denote the upper
and lower limits for safe operation, respectively, which are set to 0.9 and 0.1; and ηdis

denotes the discharging efficiency.
For leasing services, let Ftest denote the annual number of tests, DODtest denote

the depth of discharge per test, nmaint,day denote the equivalent number of cycles for
daily maintenance, and ωs denote the annualization weight of representative day s. For
leasing-related cycles, this paper adopts a charge–discharge throughput-based conversion
approach, in which the discharged energy from reliability-support dispatch and the charged
energy from passive accommodation are converted into the equivalent number of cycles
for the representative day: ndisp,s =

∑24
t=1

[
Please

dis,s (t)
ηdis

+ηchPabs
ch,s(t)

]
∆t

2E·(SOCmax−SOCmin)

Nlease = Ftest·DODtest + 365
(

nmaint,day + ∑S
s=1 ωs·ndisp,s

) (2)

where ndisp,s denotes the equivalent number of cycles jointly formed by leasing-based
reliability-support discharging and passive accommodation using idle leased resources on
representative day s; Please

dis,s (t) denotes the discharging power for leasing-based reliability-
support dispatch, and Pabs

ch,s(t) denotes the charging power for passive accommodation
of curtailed renewable energy; ηch denotes the charging efficiency. The denominator
2E·(SOCmax − SOCmin) represents the effective energy throughput corresponding to one
complete charge–discharge cycle. Nlease denotes the leasing-related annual equivalent
number of cycles, which consists of annual testing cycles, daily maintenance cycles, and
the weighted reliability-support dispatch and passive accommodation cycles of the four
seasonal representative days.
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If the arbitrage equivalent cycles of representative days are calculated using Equation (1),
the annual equivalent cycles contributed by spot-market arbitrage can be expressed
as follows:

Narbi = 365∑S
s=1 ωs·narbi,s (3)

where narbi,s is calculated using Equation (1), with the unit of cycles/day.
Frequency-regulation services are characterized by high-frequency and shallow charge–

discharge operation, and the corresponding cycling degradation can be converted into
equivalent cycles through time-domain integration of the response power. It should be
noted that Equation (4) is used only to convert frequency-regulation response mileage
into equivalent cycling degradation. In this paper, the frequency-regulation response is
assumed to be an approximately zero-mean bidirectional disturbance at the day-ahead
energy dispatch timescale, and therefore it does not change the day-ahead SOC energy
balance in Equation (23). The equivalent regulation-response power Preg,s(t) is constructed
to represent the cycling effect of frequency-regulation participation at the representative-
day scale. It should be distinguished from the declared regulation reserve capacity Pf req. In
the benchmark case, Preg,s(t) is represented by an approximately zero-mean bidirectional
response sequence, and its response mileage is scaled according to the declared frequency-
regulation capacity and the mileage-to-capacity parameter. Therefore, Preg,s(t) is used only
for equivalent-cycle conversion, whereas Pf req is used for reserve-capacity occupation and
frequency-regulation revenue calculation. If the actual frequency-regulation signal has a
persistent energy bias, the frequency-regulation energy term should be further incorporated
into the SOC dynamic constraints. If the equivalent frequency-regulation response power
in time period t of representative day s is Preg,s(t), and the reference depth of discharge is
DODre f , the annual equivalent cycles contributed by frequency-regulation services can be
expressed as follows:

N f req = 365∑S
s=1 ωs·∑24

t=1

∣∣Preg,s(t)
∣∣·∆t

2E·(SOCmax − SOCmin)·DODre f
(4)

It should be noted that Pf req denotes the declared frequency-regulation capacity or
frequency-regulation reserve power in Equations (12) and (22). It is used for frequency-
regulation revenue calculation and power-reservation boundary setting and does not
directly replace Preg,s(t) in the cycle conversion. In the benchmark case, DODre f is set to
0.10, representing the reference shallow-cycle depth used for converting high-frequency
regulation mileage into equivalent cycles rather than the actual depth of every regulation
movement. The zero-mean assumption implies that the positive and negative regulation
energies are approximately balanced over the day-ahead dispatch interval; therefore,
frequency-regulation participation mainly affects the equivalent-cycle calculation and
does not change the SOC trajectory in Equation (23). If the actual regulation signal contains
a persistent energy bias, the SOC trajectory may drift upward or downward. In that case,
the regulation-related charging or discharging energy should be explicitly included in
the SOC dynamic constraint, and additional SOC reserve may be required to maintain
feasibility. Such a case may reduce the available energy space for passive accommodation
and spot-market arbitrage, and may also lead to a larger optimal energy capacity or a more
conservative service-reservation strategy.

If high-resolution regulation data are available, the equivalent regulation-response
power in Equation (4) can be replaced by the measured second-level or minute-level reg-
ulation trajectory, and the equivalent-cycle calculation can be performed by integrating
the measured regulation mileage over the dispatch interval. In this case, the cycling con-
tribution of frequency regulation can be evaluated more accurately. If the high-resolution
signal has a nonzero cumulative energy deviation, the corresponding net regulation energy
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should also be incorporated into the SOC dynamic constraint, rather than being treated
only as an equivalent-cycle term.

The high-frequency shallow charge–discharge behavior is uniformly converted into
equivalent cycles. It should be noted that Equations (1), (2) and (4) are all business-channel-
based statistical criteria for equivalent cycles, which are used to convert the operational
intensity caused by different services into a unified annual equivalent cycle indicator. Since
different services share the same SOC state variable, this paper does not further track the
energy-source attribution of passively accommodated energy in subsequent discharging
channels. Instead, the cycle contributions are approximately counted according to power
channels. On this basis, the annual equivalent number of cycles of shared energy storage
under joint multi-service operation can be expressed as follows:

Nreal = Nlease + Narbi + N f req (5)

The Nreal obtained from Equation (5) is used as an input variable for economic lifetime
assessment and dynamic depreciation calculation.

To examine the sensitivity to the cycle-attribution rule, it should be noted that the
benchmark attribution rule mainly affects the service-specific decomposition of annual
equivalent cycles. In this paper, passive curtailed-energy accommodation is attributed
to leasing-related cycles because it uses idle leased resources rather than price-driven
arbitrage resources. If the same passive-accommodation throughput is only reclassified
from leasing-related cycles to arbitrage-related cycles while keeping the same equivalent-
cycle conversion denominator, the total annual equivalent cycles in Equation (5) remain
unchanged. Therefore, the actual economic lifetime, capacity-side dynamic depreciation
cost, and optimized capacity configuration are not affected by this pure service-label
reclassification. However, if a different equivalent-cycle conversion basis is adopted, such
as replacing discharge-side arbitrage cycles with full charge–discharge throughput cycles,
the total annual equivalent cycles may change. This case requires more detailed battery
ageing data and is therefore regarded as a limitation and a future extension of the present
planning-level economic depreciation model.

3.2. Economic Lifetime Assessment and Dynamic Depreciation Mechanism

Under the fixed-lifetime depreciation assumption, the annualized cost of an energy
storage system is usually not adjusted for changes in operational intensity, which may lead
to an overestimation of the long-term economic performance of high-cycling operation
schemes [24,25]. To reflect the impact of actual operation levels on lifetime degradation,
this paper defines the actual economic lifetime of the energy storage battery as the smaller
value between its cycle life and calendar life, namely:

Lreal =

 Lcal , Nreal ≤
Nre f
Lcal

Nre f
Nreal

, Nreal >
Nre f
Lcal

(6)

where Lreal denotes the actual economic lifetime of the energy storage system; Lcal denotes
the calendar life; Nre f denotes the reference cycle life of the battery; and Nreal denotes the
annual equivalent number of cycles. When the annual equivalent number of cycles does
not exceed Nre f /Lcal , the lifetime of the energy storage system is mainly limited by the
calendar life, and the actual economic lifetime is set to Lcal . When the annual equivalent
number of cycles exceeds Nre f /Lcal , the lifetime of the energy storage system is mainly
limited by the cycle life, and the actual economic lifetime is calculated as Nre f /Nreal .

Based on the economic lifetime assessment, this paper further converts the capacity-
side investment cost into a dynamic depreciation cost using an annuity-based annualization
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method, so as to reflect the actual annualized cost of capacity configuration schemes
under different operating levels [26]. The capacity-side dynamic depreciation cost can be
expressed as follows:

Cdep,real =
r(1 + r)Lreal

(1 + r)Lreal − 1
·αE (7)

where Cdep,real denotes the capacity-side dynamic annualized depreciation cost; r denotes
the benchmark discount rate; and α denotes the unit energy-capacity investment cost, 104

CNY/MWh. This equation enables the capacity-side annualized depreciation cost to be dy-
namically adjusted with Nreal and imposes a stronger economic constraint on high-cycling
operation schemes. In this paper, the dynamic depreciation correction is introduced only for
the capacity-side investment cost, while the power-side investment cost is still annualized
based on a fixed lifetime. It should be emphasized that the proposed formulation is a
cycle-intensity-adjusted economic depreciation model rather than a full electrochemical
battery degradation model. The annual equivalent number of cycles is used to represent
the overall cycling intensity caused by multi-service operation and to update the actual
economic lifetime and the annualized capacity-side depreciation cost. Therefore, the model
captures the economic consequence of cycling intensity in capacity planning, but it does not
explicitly describe detailed electrochemical ageing mechanisms, such as temperature depen-
dence, C-rate effects, variable depth-of-discharge ageing, SOC-dependent calendar ageing,
or time-dependent capacity fade. These factors can be incorporated in future work by
replacing the equivalent-cycle-based lifetime function with a more detailed state-of-health
degradation model.

The sensitivity of the dynamic depreciation correction is mainly governed by the
reference cycle life Nre f , the calendar life Lcal , and the threshold Nre f /Lcal . When Nreal

does not exceed this threshold, the economic lifetime is calendar-life-limited and is set to
Lcal . When Nreal exceeds this threshold, the economic lifetime becomes cycle-life-limited
and is calculated as Nre f /Nreal . Therefore, a larger Nre f raises the threshold for cycle-life
limitation and weakens the depreciation penalty caused by high cycling intensity, whereas
a smaller Nre f strengthens the dynamic depreciation correction. Changes in Lcal affect
both the calendar-life cap and the transition threshold between calendar-life-limited and
cycle-life-limited operation. Accordingly, the numerical results should be interpreted under
the benchmark lifetime parameters adopted in the case study.

3.3. Bi-Level Optimization Model Structure and Information Interaction

There is a bidirectional coupling relationship between the capacity configuration and
operational dispatch of shared energy storage. On the one hand, the upper-level capacity
configuration determines the power capacity, energy capacity, and service-reservation
boundaries for lower-level representative-day dispatch. On the other hand, the lower-level
dispatch results affect spot-market arbitrage revenue, curtailed energy, and the annual
equivalent number of cycles, thereby changing the upper-level economic evaluation. To
characterize the above coupling relationship, this paper develops a bi-level optimiza-
tion model with “upper-level capacity configuration–lower-level representative-day dis-
patch” [27].

The upper-level model aims to maximize the annualized net income of shared energy
storage and determines the rated power P and rated energy capacity E of the energy storage
system. For each candidate capacity configuration, the upper-level transfers P, E, and the
service-reservation boundaries to the lower-level model. The lower level then returns the
representative-day dispatch results to the upper level for annualized net income evaluation
and dynamic depreciation correction. The calculation of specific feedback variables is
described in Section 3.6.
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Given P, E, and the service-reservation boundaries, the lower-level model takes the
maximization of spot-market arbitrage revenue as the primary objective and uses curtailed-
energy minimization with a small weight as a tie-breaking term for equivalent optimal
solutions [28]. The model determines the 24 h operating strategy, and its formulation can
be expressed as follows:

y∗s = arg maxys
πday,s(ys|P, E ), s = 1, 2, · · · S (8)

where y∗s denotes the set of optimal lower-level dispatch decision variables corresponding
to representative day s. The variable set ys includes the charging and discharging power
for spot-market arbitrage, the charging power for passive accommodation of curtailed
renewable energy, the discharging power for leasing-based reliability-support dispatch,
curtailed power, grid-connected power, charging and discharging status variables, and
SOC. πday,s(ys|P, E ) denotes the lower-level dispatch objective value of representative day
s under the rated power P and rated energy capacity E given by the upper level. S denotes
the total number of representative days.

This paper adopts a hierarchical solution architecture of “DBO + MILP”. In the upper
level, DBO is used to search for candidate capacity configurations, while in the lower level,
MILP is used to solve the representative-day dispatch problem [29].

DBO is adopted as a derivative-free upper-level search method because the upper-
level fitness value is obtained through a nested evaluation process. For each candidate P/E
configuration, the lower-level MILP dispatch problem must be solved first, and the resulting
dispatch variables are then used to calculate annual equivalent cycles, actual economic
lifetime, dynamic depreciation cost, and annualized net income. This nested mapping from
the capacity decision variables to the upper-level objective is non-smooth and implicit, and
is therefore not directly suitable for conventional gradient-based deterministic optimization.
In contrast, the lower-level dispatch problem remains a deterministic MILP under a given
capacity configuration. It should also be emphasized that this paper does not aim to prove
the universal superiority of DBO over other metaheuristic algorithms. Other derivative-free
metaheuristics or enumeration-based searches can be coupled with the proposed modelling
framework when computational cost is acceptable. The independent-run stability test in
Table A5 is used to evaluate the computation time and convergence stability of the adopted
DBO search in the benchmark case.

To improve the reproducibility of the proposed DBO–MILP solution procedure, the
computational implementation settings are summarized in Table A4. In the upper-level
capacity search, the Dung Beetle Optimizer (DBO) is applied to the two-dimensional deci-
sion vector ([P,E]), with the annualized net income as the fitness function. The population
size is set to 18, and the maximum number of iterations is set to 30. Candidate capacity
solutions are repaired according to the power-capacity bounds, energy-capacity bounds,
E/P ratio bounds, and 1 MW/1 MWh discretization steps, while investment-budget and
annual-cycle-limit violations are handled using penalty terms. For each candidate capacity
configuration, the lower-level 24 h dispatch model is formulated as a mixed-integer linear
programming (MILP) problem and solved in MATLAB R2022b, 64-bit Windows using
intlinprog in the reported experiments.

To examine the influence of metaheuristic randomness, the benchmark M3 case
was repeated for 10 independent DBO runs with different random seeds. As shown in
Table A5, all 10 independent runs obtained the same optimal configuration of P* = 180 MW
and E* = 720 MWh. The coefficient of variation of the annualized net income was only
2.18 × 10−14%, indicating that the objective values were almost identical across different
random seeds. The average computation time was 75.81 s with a standard deviation of
1.67 s. These results indicate that the upper-level DBO search provides stable optimal or
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near-optimal solutions for the benchmark configuration problem. The dispatch results are
then fed back to the upper level for dynamic depreciation correction and candidate-solution
updating. To illustrate the information transfer and iterative updating relationship between
the upper and lower levels, this paper develops a bi-level optimization solution procedure
for shared energy storage in a renewable energy base, as shown in Figure 2.

Figure 2. Bi-level optimization solution procedure for shared energy storage in a renewable energy base.

As shown in Figure 2, the solution procedure uses candidate capacity configurations
as the interface between the upper and lower levels. The representative-day dispatch
results from the lower level are fed back to the upper level, and the iterative optimiza-
tion of capacity configuration is completed through dynamic depreciation correction and
convergence judgment.

3.4. Upper-Level Capacity Configuration Model
3.4.1. Upper-Level Objective Function and Revenue–Cost Components

The upper-level capacity configuration model aims to maximize the annualized net
income of shared energy storage, with the rated power P and rated energy capacity E
as decision variables. The objective function comprehensively considers leasing revenue,
spot-market arbitrage revenue, frequency-regulation revenue, fixed annualized investment
cost on the power side, system operation and maintenance costs, capacity-side dynamic
depreciation cost, and curtailed-energy penalty cost:

maxP,EF = Rlease + Rspot + R f req −
[
C f ix + Cdep,real + Ccur

]
(9)

where F denotes the annualized net income, 104 CNY/year; Rlease, Rspot, and R f req denote
the annual revenues from leasing, spot-market arbitrage, and frequency-regulation ancillary
services, respectively; and C f ix, Cdep,real , and Ccur denote the fixed annualized power-side
investment and system operation and maintenance cost, the dynamically corrected capacity-
side depreciation cost, and the curtailed-energy penalty cost, respectively.

The detailed calculations of each revenue and cost component are as follows:

(1) Annual Leasing Revenue
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Shared energy storage obtains fixed revenue by providing reliability-support reserve
capacity to renewable energy stations. The revenue is charged based on the reserved power
and energy-capacity resources, rather than the actual discharged energy. Therefore, the
leasing revenue can be expressed as follows:

Please = Klease,P·P
Elease = Klease,E·E

Rlease = λlease,P·Please + λlease,E·Elease

(10)

where λlease,P and λlease,E denote the unit leasing prices of power and energy capacity,
respectively, 104 CNY/MW/year and 104 CNY/MWh/year; and Klease,P and Klease,E denote
the leasing ratios of power and energy capacity, respectively.

(2) Annual Spot-Market Arbitrage Revenue

The annual spot-market arbitrage revenue is obtained by annualizing the representative-
day net spot-market arbitrage revenue derived from the lower-level day-ahead dispatch
model, namely: {

π∗
spot,s = ∑24

t=1 πs(t)
[

Parbi,∗
dis,s (t)− Parbi,∗

ch,s (t)
]
∆t

Rspot = 365∑S
s=1 ωs·π∗

spot,s
(11)

where π∗
spot,s denotes the net spot-market arbitrage revenue obtained for representative

day s under the optimal dispatch solution y*
s; πs(t) denotes the spot electricity price in

time period t; and Parbi,∗
dis,s (t) and Parbi,∗

ch,s (t) denote the spot-market arbitrage discharging and
charging power under the optimal solution, respectively. It should be noted that π∗

spot,s in
Equation (11) represents the net spot-market arbitrage revenue and does not include the
ε-weighted curtailed-energy tie-breaking term in Equation (19).

(3) Annual Revenue from Frequency-Regulation Ancillary Services

When shared energy storage participates in frequency-regulation ancillary services,
its revenue is mainly related to the declared frequency-regulation capacity, unit capacity
compensation level, frequency-regulation response mileage, and response performance [30].
To characterize the impact of frequency-regulation services on the annualized revenue of
shared energy storage, this paper expresses the frequency-regulation revenue as a combined
form of capacity compensation and mileage compensation:{

Pf req = K f req·P
R f req = 8760·Pf req·

(
λM

cap + λM
mil ·Km

)
·Kper f

(12)

where Pf req denotes the declared frequency-regulation capacity, MW; K f req denotes the
frequency-regulation power reservation ratio; λM

cap denotes the frequency-regulation capac-
ity compensation price, 104 CNY/MWh; λM

mil denotes the frequency-regulation mileage
compensation price, 104 CNY/MWh; Km denotes the regulation mileage-to-capacity ra-
tio; and Kper f denotes the frequency-regulation performance coefficient of energy storage.
Since the compensation mechanisms for frequency-regulation ancillary services vary across
regions, the above parameters are used only as benchmark market parameters in this paper
to analyze the impact of changes in frequency-regulation service revenue on the optimal
business-scheme selection of shared energy storage.

(4) Fixed Annualized Power-Side Investment Cost and System Operation and Mainte-
nance Cost

C f ix =
r(1 + r)n

(1 + r)n − 1
·(βP) + ω·(αE + βP) (13)

https://doi.org/10.3390/en19143311

https://doi.org/10.3390/en19143311


Energies 2026, 19, 3311 12 of 33

where the first term represents the fixed annualized cost of power-side equipment invest-
ment, with n = 15 years denoting the benchmark lifetime of the power equipment. β

denotes the unit power investment cost, 104 CNY/MW. The second term represents the
annual operation and maintenance cost of the energy storage system, which is accrued
as a certain proportion of the total investment. Therefore, it includes both capacity-side
and power-side investments, namely ω·(αE + βP), where ω denotes the annual opera-
tion and maintenance rate. It should be noted that αE in Equation (13) is used only to
accrue capacity-related operation and maintenance costs and does not correspond to the
annualized depreciation of capacity capital.

(5) Capacity-Side Dynamic Depreciation Cost

In the conventional static model, the capacity-side depreciation cost Cdep is calculated
using a fixed depreciation period of n = 15 years. In this paper, the actual economic lifetime
Lreal is dynamically corrected based on the actual annual equivalent cycles Nreal fed back
from the lower level, and the capacity-side dynamic depreciation cost Cdep,real is calculated
according to Equation (7).

(6) Annualized Curtailed-Energy Penalty Cost

The curtailed-energy penalty cost is obtained by converting the total curtailed en-
ergy of representative days fed back from the lower level into an annual value using the
corresponding weights, namely:

Ccur = 365·λcur∑S
s=1 ωs·E∗

cur,s (14)

where E∗
cur,s denotes the total curtailed energy of representative day s, MWh/day; λcur

denotes the unit curtailed-energy penalty cost, 104 CNY/MWh.

3.4.2. Upper-Level Constraints

To ensure that the capacity configuration of shared energy storage is both physically
and economically feasible, the following constraints are imposed in the upper-level model.

(1) Capacity Configuration Boundary Constraints

The power and energy capacity configurations of shared energy storage are con-
strained by the grid-connection access capability and the engineering feasibility range.

Pmin ≤ P ≤ Pmax, Emin ≤ E ≤ Emax (15)

where Pmax and Pmin denote the upper and lower bounds of the power configuration,
respectively; and Emax and Emin denote the upper and lower bounds of the energy capacity
configuration, respectively.

(2) Project Investment Budget Constraint

The total investment of shared energy storage shall not exceed the upper limit of the
project planning budget.

αE + βP ≤ Budgettotal (16)

where Budgettotal denotes the maximum planned investment budget of the project, 104 CNY.

(3) Economic Acceptability Constraint for Leasing

The leasing price of shared energy storage should satisfy the economic acceptability
requirement of renewable energy stations; that is, the leasing cost should not be higher
than the smaller value between the self-built energy storage cost and the curtailed-energy
loss without energy storage configuration [31,32]:
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

Clease ≤ min
(

Csel f , Closs

)
Clease = λlease,P·Please + λlease,E·Elease

Csel f =
(

r(1+r)n

(1+r)n−1 + ω
)
·(δEElease + δPPlease)

Closs = Eren·σcurt·
(

λgrid + λ f ine

)
δE = KE·α, δP = KP·β

(17)

where the expressions in Equation (17) correspond to the leasing cost paid by renewable
energy stations, the annualized cost of self-built energy storage, and the comprehensive
economic loss caused by curtailment, respectively. Csel f denotes the cost of self-built
energy storage for renewable energy stations, where Please and Elease denote the leased
power and energy capacity, respectively, and n is consistent with the calendar-life setting
in Table 1. δE and δP denote the unit energy-capacity and unit power investment costs of
self-built energy storage for renewable energy stations, respectively, satisfying δE = KE·α
and δP = KP·β, with units of 104 CNY/MWh and 104 CNY/MW, respectively. KE and KP

are dimensionless cost coefficients for self-built energy storage, and their values are listed
in Table A3. Closs denotes the annual curtailed-energy loss caused by the absence of energy
storage configuration, where Eren = Pren·hren is the theoretical annual generation, Pren is the
installed capacity of the renewable energy station, and hren is the annual utilization hours.
σcurt denotes the curtailment rate, λgrid denotes the unit on-grid electricity price, and λ f ine

denotes the unit curtailment penalty. This constraint is used to ensure that the pricing of
shared energy storage remains within the acceptable range of renewable energy stations.

Table 1. Key parameter settings of the case study.

Symbol Value

r 0.08
Lcal 15 years
Nre f 6000 cycles

ηch/ηdis 0.95/0.95
SOCmin/SOCmax 0.10/0.90

α 50 × 104 CNY/MWh
β 18 × 104 CNY/MW

λcur 0.012 × 104 CNY/MWh
Pmin/Pmax 10–180 MW
Emin/Emax 20–720 MWh

ω 0.008
SOCs(24)/SOCs(0) 0.50/0.50

λlease,P 36 × 104 CNY/MW/year
λlease,E 12 × 104 CNY/MWh/year

λM
cap/λM

mil 0.0010/0.00045 × 104 CNY/MWh
Km/Kper f 6.0/0.88

K f req/DODre f 4.5%/0.10
Note: The probability coefficient denotes the normalized seasonal sample proportion and is used as the annualiza-
tion weight in the annual economic and cycling calculations. The difference coefficient denotes the normalized
deviation between the selected representative day and the corresponding seasonal sample set; it is used only to
evaluate the representativeness of the selected typical day.

(4) Power-to-Energy Capacity Ratio Constraint

The power-to-energy capacity ratio of shared energy storage should be maintained
within a reasonable range to ensure sufficient charge–discharge rate capability and avoid
excessive power configuration.

P
E
∈ [0.25, 1.0] (18)

Equation (18) is used to limit the range of the power-to-energy capacity ratio of
energy storage.
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Through the above objective function and constraints, the upper-level model can
comprehensively trade off revenue improvement, lifetime degradation, and investment
boundaries, and dynamically correct the configuration results using the annual equivalent
number of cycles fed back from the lower level.

3.5. Lower-Level Day-Ahead Dispatch Model
3.5.1. Lower-Level Objective Function

Given P, E, and the service-reservation boundaries, the lower-level model first maxi-
mizes spot-market arbitrage revenue. To avoid non-unique curtailed-energy results when
the arbitrage revenues are identical or approximately identical, a small-weight curtailed-
energy minimization term is further introduced to stably select a dispatch solution that
also considers curtailed-energy accommodation:

max πday,s = ∑24
t=1 πs(t)

[
Parbi

dis,s(t)− Parbi
ch,s (t)

]
∆t − ε∑24

t=1 Pcur,s(t)∆t (19)

where πday,s denotes the objective function value of the lower-level dispatch problem for
representative day s; Parbi

dis,s(t) and Parbi
ch,s (t) denote the discharging and charging power for

spot-market arbitrage, respectively; Pcur,s(t) denotes the actual curtailed power; ε denotes
a sufficiently small positive number. In this paper, ε is set to 10−6 × 104 CNY/MWh, which
is much smaller than the nonzero price spread of a representative day. It is used only to
preferentially select the dispatch scheme with lower curtailed energy when the spot-market
arbitrage revenues are identical or approximately identical and is not regarded as the actual
curtailed-energy penalty cost in the upper-level annualized economic evaluation.

3.5.2. Lower-Level Constraints and Power Decomposition Logic

The lower-level power-capacity space consists of leasing reserves, frequency-regulation
reserves, and market-based arbitrage space. Leasing reserves are first used to satisfy
reliability-support dispatch, and their idle part is used for passive accommodation of
curtailed renewable energy. Market-based arbitrage only uses the remaining power space
after deducting the leasing reserve power and frequency-regulation reserve power.

(1) Power Balance Constraint
Pre,s(t) + Pdis,s(t)− Pch,s(t)− Pcur,s(t) = Pgrid,s(t)

0 ≤ Pgrid,s(t) ≤ Plim
grid,s(t)

0 ≤ Pcur,s(t) ≤ Pmax
cur,s(t)

Pmax
cur,s(t) = max

{
0, Pre,s(t)− Plim

grid,s(t)
} (20)

where Pch,s(t) and Pdis,s(t) denote the total physical charging and discharging power of
the energy storage system in time period t of representative day s, respectively; Pgrid,s(t)
denotes the auxiliary variable of actual grid-connected power determined by the power
balance constraint; Pre,s(t) denotes the renewable energy output; and Plim

grid,s(t) denotes
the exogenously specified upper limit of grid-connected power. Since both Pre,s(t) and
Plim

grid,s(t) are exogenous inputs, Pmax
cur,s(t) is pre-calculated before the lower-level optimization.

Therefore, the max operation in Equation (20) does not introduce a new nonlinear decision
relationship. This equation constrains the actual curtailed power not to exceed the upper
limit of potential curtailed power in the corresponding time period. When the renewable
energy output is higher than the grid-connected power limit, the excess part forms potential
curtailment; otherwise, the potential curtailed power is zero.

(2) Total Power Decomposition Constraint
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
Pch,s(t) = Parbi

ch,s (t) + Pabs
ch,s(t)

Pdis,s(t) = Parbi
dis,s(t) + Please

dis,s (t)
0 ≤ Pabs

ch,s(t) ≤ Pmax
cur,s(t)

(21)

where Pabs
ch,s(t) denotes the charging power for passive accommodation of curtailed renew-

able energy undertaken by idle leased reserve resources; Please
dis,s (t) denotes the discharging

power generated by leased reserve resources during reliability-support dispatch; and
Pmax

cur,s(t) denotes the upper limit of curtailed power that can be accommodated in time
period t of representative day s, whose value is determined by Equation (20).

(3) Converter Power Boundary Constraint

Considering the priority occupation of leased resources by reliability-support ser-
vices for renewable energy stations, let Pcall,s(t) denote the exogenously specified
reliability-support dispatch power in time period t of representative day s, satisfying
0 ≤ Pcall,s(t) ≤ Please. In this study, Pcall,s(t) is constructed as a prescribed engineering
reliability-support scenario rather than an additional decision variable of the lower-level
model. It represents the reserve call of renewable energy stations under reliability-support
requirements. Before being introduced into the lower-level dispatch model, this profile
is checked against the leased reserve power, the SOC upper and lower limits, and the
initial-terminal SOC closure condition. Therefore, the lower-level model optimizes passive
accommodation and spot-market arbitrage only under reliability-support profiles that are
already feasible in terms of power and energy. This paper assumes that the exogenous
reliability-support dispatch power Pcall,s(t) already satisfies the power and SOC feasibil-
ity requirements of the energy storage system. The leased reserve resources should first
meet the reliability-support dispatch demand, namely Please

dis,s (t) = Pcall,s(t). The uncalled
leased reserve power, Please − Pcall,s(t), can be used for passive accommodation of curtailed
renewable energy during idle periods. Based on the operating principle of “reserve priority,
idle-space accommodation, and residual market-based dispatch”, spot-market arbitrage
only uses the dedicated adjustable space after deducting the leased reserve power and
frequency-regulation reserve power. Idle leased resources do not participate in active
arbitrage and are used only for passive accommodation of curtailed renewable energy.

0 ≤ Parbi
ch,s (t) ≤ Uch,s(t)·

(
P − Please − Pf req

)
0 ≤ Parbi

dis,s(t) ≤ Udis,s(t)·
(

P − Please − Pf req

)
0 ≤ Pabs

ch,s(t) ≤ Uch,s(t)·(Please − Pcall,s(t))
Please

dis,s (t) = Pcall,s(t)
Please

dis,s (t) ≤ Udis,s(t)·Please

0 ≤ Pcall,s(t) ≤ Please

Please + Pf req ≤ P
Uch,s(t) + Udis,s(t) ≤ 1

Uch,s(t), Udis,s(t) ∈ {0, 1}

(22)

where Pcall,s(t) denotes the exogenously specified reliability-support dispatch power; Please

denotes the leased reserve power; Pf req denotes the frequency-regulation reserve power;
P denotes the rated power of shared energy storage; and Uch,s(t) and Udis,s(t) denote the
charging status variable and discharging status variable of energy storage in time period t
of representative day s, respectively.

(4) SOC Dynamics and Boundary Constraints
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
SOCs(t) = SOCs(t − 1) + (Pch,s(t)·ηch−Pdis,s(t)/ηdis)∆t

E
SOCmin ≤ SOCs(t) ≤ SOCmax

SOCs(24) = SOCs(0) = SOC0

(23)

where SOCs(t) denotes the state of charge of the energy storage system at the end of time
period t on representative day s; SOCs(t − 1) denotes the state of charge at the end of time
period t− 1; In Equation (23), SOC0 denotes the initial SOC of the representative day, which
is set to SOC0 = 0.50 in this paper. The constraint SOCs(24) = SOCs(0) represents the
initial–terminal SOC closure of the representative day, which is used to prevent the model
from obtaining unrealistic discharging revenue by overdrawing the terminal SOC [33].

(5) Hard Constraint on the Curtailment Rate

∑24
t=1 Pcur,s(t)·∆t ≤ γ·∑24

t=1 Pre,s(t)·∆t (24)

where γ denotes the maximum curtailment rate allowed by the power grid, and this
constraint holds separately for each representative day.

3.6. Feedback Variable Calculation and Closed-Loop Interface

After the lower-level optimization is completed, the optimal dispatch solution y*
s is first

obtained from Equation (19). Then, π*
spot,s is calculated according to the definition of net

spot-market arbitrage revenue in Equation (11), and Rspot is obtained through annualization.
The curtailed energy of the representative day is calculated as follows:

E∗
cur,s = ∑24

t=1 Pcur,s(t)·∆t (25)

where E∗
cur,s denotes the total curtailed energy of representative day s, with the unit of

MWh/day. It should be noted that E∗
cur,s is substituted into Equation (14) of the upper-level

model, and the annualized curtailed-energy penalty cost Ccur is calculated in combination
with the representative-day weights. To avoid double counting, the actual curtailed-
energy penalty cost is not directly deducted in the lower-level objective function. Only the
sufficiently small weight ε is retained for tie-breaking among equivalent optimal solutions.
The actual annualized curtailed-energy penalty cost is uniformly calculated at the upper
level based on the feedback curtailed energy.

The annual equivalent number of cycles is calculated using the service-mode-specific
cycle calculation method described in Section 3.1. Specifically, the arbitrage discharging
power is substituted into Equations (1) and (3) to obtain Narbi; leasing-related testing, main-
tenance, reliability-support dispatch, and passive accommodation form Nlease; frequency-
regulation response power forms N f req; and Nreal is obtained from Equation (5). Among
these feedback variables, π*

spot,s, E*
cur,s, and the dispatch results used for cycle conver-

sion are used to calculate Rspot, Ccur, and Nreal , respectively, and further update Lreal and
Cdep,real . Accordingly, the annualized net income F of a candidate capacity configuration
can simultaneously reflect the lower-level dispatch revenue, curtailed-energy cost, and
lifetime-depreciation variation caused by operational intensity.

4. Case Study Setup and Verification of the Dynamic Depreciation Model
To verify the proposed shared energy storage capacity configuration model and

the dynamic depreciation closed-loop mechanism, a case study is conducted using
representative-day data from a renewable energy base. This section presents the data
sources and parameter settings, and then verifies the model through depreciation com-
parison, business-scheme comparison, representative-day operation analysis, and market-
parameter sensitivity analysis.
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4.1. Data Sources and Parameter Settings

The case study uses data from a renewable energy base consisting of two wind farms
and two photovoltaic power stations. The dispatch horizon is 24 h with a time resolution
of 1 h, and the total installed capacity is 384 MW. Seasonal representative days are selected
based on typicality indicators and converted into annualization weights according to the
number of seasonal samples. The grid-connected power limit of each representative day
is set as an exogenous boundary to characterize transmission constraints and potential
curtailment risk, while the spot electricity price adopts a unified 24-point time-of-use
sequence. Shared energy storage is located on the renewable energy base side and provides
leasing-based reliability support, passive accommodation of curtailed renewable energy,
spot-market arbitrage, and frequency-regulation ancillary services [34]. Its charging energy
mainly comes from available renewable energy and curtailed-energy accommodation on
the renewable energy side, without considering reverse charging from the external grid.
The typicality evaluation results are provided in Table A1.

To improve the transparency of the representative-day construction, the selection
procedure is further described as follows. The case study covers the full year of 2020 with
an hourly resolution. The annual samples are first divided into four seasonal subsets,
namely spring, summer, autumn, and winter. For each seasonal subset, candidate days
are evaluated according to typicality indicators that reflect the renewable-output profile,
the occurrence of grid-connection constraints, and the potential curtailed-energy risk.
The day with the best overall representativeness is then selected as the representative
day for the corresponding season. The probability coefficient in Table A1 denotes the
normalized proportion of annual samples represented by each seasonal subset and is used
as the annualization weight. The difference coefficient measures the normalized deviation
between the selected representative day and the corresponding seasonal sample set. It is
used to evaluate the representativeness of the selected day, rather than as an annualization
weight. Therefore, the representative-day dispatch results are converted into annual values
using the probability coefficients, while the difference coefficients are reported only to
indicate the typicality of the selected scenarios.

To improve the reproducibility of the main case-study results, a simplified representative-day
reproducibility dataset is provided as Supplementary Materials. This dataset includes
the 24 h representative-day renewable-output profiles for spring, summer, autumn, and
winter, the hourly grid-connection limits, the potential curtailed-energy profiles, the hourly
spot-market price series, and the main parameter tables used in the optimization. The
representative-day profiles are the direct inputs to the lower-level MILP dispatch model,
while the economic parameters, engineering boundaries, and business-scheme settings are
used in the upper-level capacity configuration and annualized economic evaluation.

The upper bounds of power and energy capacity in Table 1 are engineering plan-
ning boundaries rather than unconstrained optimization results. In the benchmark case,
Pmax = 180 MW is determined by the grid-access capability, converter-capacity planning,
and station-side installation feasibility of the renewable energy base. The correspond-
ing upper energy-capacity bound Emax = 720 MWh represents the maximum planned
energy-storage scale under the benchmark engineering setting. Therefore, the optimized
capacity results should be interpreted as optimal configurations under the specified access,
investment, market, and engineering-boundary conditions.

To unify the economic evaluation criteria, the initial investment of shared energy
storage is calculated as I0 = αE + βP. Since the annualized net income F has already
deducted the capacity-side annualized depreciation cost and the power-side annualized
investment cost, the operating net cash flow is reconstructed as CF = F + Cdep,eval + Cann

P ,
where Cdep,eval denotes the capacity-side annualized depreciation cost adopted in the
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evaluation model and Cann
P denotes the power-side annualized investment cost. In the

static depreciation model, Cdep,eval is calculated using the fixed calendar life, whereas in
the dynamic depreciation model it is taken as Cdep,real . These two annualized capital-cost
terms are added back because they are accounting annualization items rather than actual
annual operating cash outflows. The internal rate of return (IRR) is calculated by setting
the net present value to zero, and the static payback period is calculated as TPB = I0/CF .
In the static depreciation model, the evaluation period is the calendar life; in the dynamic
depreciation evaluation, it is the actual economic lifetime.

As shown in Table 1, the reference cycle life is 6000 cycles, and the calendar life is
15 years, corresponding to a lifetime transition threshold of 400 cycles/year. In subsequent
schemes, P is close to 180 MW, and E reaches or approaches the upper limit, indicating that
the optimized results are affected by the engineering configuration boundaries.

Figure 3 presents the 24 h electricity price curve. The peak-valley spread provides
the price signal for spot-market arbitrage and the incentive for releasing SOC space at
different times.

Figure 3. Representative-day electricity price profile. The circular markers indicate hourly price-
sampling points.

Figure 4 shows that renewable output exceeds the grid-connected power limit during
some periods of all seasonal representative days, indicating the existence of curtailed-energy
accommodation demand. The representative-day weights are provided in Table A1.

Figure 4. Renewable energy output and grid-connected power limits of seasonal representative days.
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4.2. Effectiveness Verification of the Dynamic Depreciation-Based Capacity Configuration Model

To examine the effect of dynamic depreciation, three depreciation treatments are
compared under the S2 service boundary. M1 is the static depreciation model with a fixed
15-year battery lifetime. M2 keeps the M1 configuration unchanged but evaluates the actual
lifetime and dynamic depreciation cost using annual equivalent cycles. M3 is the proposed
dynamic-depreciation closed-loop model, in which operational cycles are fed back into
lifetime assessment and depreciation-cost calculation during capacity optimization.

Table 2 gives the numerical comparison, while Figure 5 visualizes the relative differ-
ences among M1, M2, and M3.

Table 2. Configuration, lifetime, and economic results under different depreciation models.

Model P*/MW E*/MWh Nreal/
(Cycles·Year−1)

Evaluated
Lifetime/Year

Capacity-Side
Depreciation Cost/
(104 CNY·Year−1)

Annualized
Net Income/

(104 CNY·Year−1)
IRR/% Payback

Period/Year

M1 180 533 476.71 15.00 3113.51 4597.89 26.24 3.69
M2 180 533 476.71 12.59 3436.46 4274.93 25.68 3.69
M3 180 720 403.04 14.89 4222.89 4395.90 21.73 4.36

Note: M1 and M2 have the same payback period because they use the same capacity configuration and dispatch
results; the difference between them lies in the evaluated economic lifetime and annualized depreciation cost
rather than in the initial investment or operating cash-flow recovery process.

Figure 5. Comparison of configuration, lifetime, and economic indicators under M1, M2, and M3.

As shown in Table 2 and Figure 5, M1 selects E* = 533 MWh and produces
476.71 cycles/year, exceeding the 400 cycles/year lifetime-transition threshold. Under
the same configuration, M2 reduces the evaluated lifetime to 12.59 years, increases the
capacity-side depreciation cost to 3436.46 × 104 CNY/year, and decreases annualized net
income to 4274.93 × 104 CNY/year. This indicates that static depreciation overestimates
the economic performance of high-cycling schemes. Compared with M2, M3 expands E*
to 720 MWh, reduces Nreal to 403.04 cycles/year, restores the lifetime to 14.89 years, and
increases annualized net income by 120.97 × 104 CNY/year. Although its IRR is lower and
payback period is longer due to the larger initial investment, M3 better reflects the trade-off
among capacity scale, cycling intensity, lifetime degradation, and annualized income. The
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boundary values of P* and E* also indicate that the result should be interpreted as an
optimum under the given access, cost, price, and capacity limits.

Although M1 and M2 have different evaluated lifetimes and annualized net incomes,
their payback periods are the same because M2 is an ex post dynamic-depreciation eval-
uation of the M1 capacity configuration. Therefore, M1 and M2 share the same P*/E*
configuration, initial investment, and representative-day dispatch results. The payback pe-
riod is calculated according to the recovery of the initial investment by operating cash flows,
rather than by the accounting annualized depreciation cost. Consequently, the dynamic
lifetime correction in M2 changes the annualized depreciation cost and annualized net
income, but it does not change the cash-flow recovery process under the same configuration
and dispatch.

Figure 6 explains the mechanism behind Table 2: once annual equivalent cycles exceed
400 cycles/year, economic lifetime declines and unit capacity-side dynamic depreciation
cost increases, converting operational intensity into a cost signal for capacity configuration.

Figure 6. Relationship among annual equivalent cycles, economic lifetime, and unit capacity-side
dynamic depreciation cost.

4.3. Economic Operation Analysis of Shared Energy Storage Under Different Business Schemes

Three business schemes are compared. S1 includes leasing-based reliability support
and passive accommodation of curtailed renewable energy. S2 adds spot-market arbitrage
to S1, while S3 further incorporates frequency-regulation ancillary services. For all schemes,
the capacity configuration is re-optimized under the corresponding service boundaries,
and the detailed settings are provided in Table A2. The parameter settings of S1, S2, and
S3 are not intended to represent a purely additive revenue comparison with all boundary
parameters fixed. Instead, they are designed to represent three feasible business-boundary
scenarios under the priority principle of “reserve first, idle-space accommodation, and
residual market-based dispatch”. Specifically, S1 represents a leasing-dominated operation
mode, in which a relatively larger proportion of power capacity is reserved for reliability
support and only idle leased resources are used for passively curtailed-energy accommoda-
tion. S2 introduces spot-market arbitrage and therefore retains part of the converter capacity
as arbitrage-available power after satisfying the leasing boundary. S3 further reserves part
of the converter capacity for frequency-regulation services, which reduces the power space
available for arbitrage and changes the cycling-intensity level. The corresponding leasing
reserve ratios, frequency-regulation reserve ratio, and maintenance-cycle assumptions are
reported in Table A3 and are used to define internally consistent service-boundary scenarios
rather than isolated service additions.
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Table 3 summarizes the cycling, lifetime, and net-income results; Figure 7 further
presents the economic-performance comparison from three aspects, including revenue
composition and annual net income, cost composition and total annual cost, and annual
curtailment and curtailment penalty; Figure 8 separates the cycle sources.

Table 3. Cycling, lifetime, and economic results under different business schemes.

Scheme Nlease/
(Cycles·Year−1)

Narbi/
(Cycles·Year−1)

Nfreq/
(Cycles·Year−1)

Nreal/
(Cycles·Year−1) Lreal/Year Annualized Net Income/

(104 CNY·Year−1)

S1 59.70 0.00 0.00 59.70 15.00 1188.98
S2 87.35 315.69 0.00 403.04 14.89 4395.90
S3 108.99 336.55 13.54 459.08 13.07 3751.81

Note: The service-boundary parameters of S1, S2, and S3 are scenario settings used to represent different feasible
business modes. They are not designed as a single-factor experiment in which only one service is added while
all other boundary parameters remain unchanged. Therefore, the economic differences among S1, S2, and S3
reflect the combined effects of service participation, reserve-capacity occupation, arbitrage-space availability,
maintenance-cycle assumptions, and dynamic-depreciation feedback.

 
(a) 

(b) 

 
(c) 

Figure 7. Economic-performance comparison under different business participation schemes:
(a) revenue composition and annual net income; (b) cost composition and total annual cost; (c) annual
curtailment and curtailment penalty.

https://doi.org/10.3390/en19143311

https://doi.org/10.3390/en19143311


Energies 2026, 19, 3311 22 of 33

Figure 8. Composition of annual equivalent cycle sources under different business schemes.

As shown in Table 3 and Figure 7a, S1 obtains 1188.98 × 104 CNY/year of an-
nualized net income with only 59.70 cycles/year. After spot-market arbitrage is intro-
duced in S2, Narbi increases to 315.69 cycles/year, and the annualized net income rises
to 4395.90 × 104 CNY/year. Figure 7b shows that the total annual cost also increases be-
cause the larger optimized capacity and higher multi-service cycling intensity raise the
dynamic depreciation cost. Figure 7c further shows that annual curtailment decreases from
54,392 MWh in S1 to 25,594 MWh in S2, indicating that the combination of passive accom-
modation and spot-market arbitrage improves SOC-space utilization and curtailed-energy
accommodation. Although S3 gains frequency-regulation revenue, frequency-regulation re-
serves occupy part of the adjustable power capacity and increase Nreal to 459.08 cycles/year,
reducing Lreal to 13.07 years and making its annualized net income lower than that of S2
under the benchmark compensation level. Therefore, S2 is selected as the preferred scheme
under the benchmark conditions.

It should be emphasized that the comparison among S1, S2, and S3 reflects the com-
bined effects of service addition and service-boundary settings. The increase in annualized
net income from S1 to S2 is mainly related to the introduction of spot-market arbitrage
and the improved use of SOC space for passive accommodation. However, it is also
affected by the adjusted leasing boundary and maintenance-cycle assumptions. Simi-
larly, the lower annualized net income of S3 under the benchmark compensation level
is not caused by frequency-regulation participation alone, but by the combined effect of
frequency-regulation revenue, reserve-capacity occupation, reduced arbitrage-available
power, increased cycling intensity, and higher dynamic depreciation pressure.

Figure 8 further shows that the increase in S2 mainly comes from price-driven arbitrage
cycles, whereas the additional cycles in S3 include the frequency-regulation component.
This supports the conclusion that scheme selection should consider both revenue increments
and dynamic depreciation costs.

4.4. Verification of Representative-Day Dispatch Strategy and Operating Mechanism

To explain the operating mechanisms of different business schemes, the spring repre-
sentative day of 26 April 2020 is selected to analyze power allocation, SOC variation, and
curtailed-energy accommodation. These results illustrate representative-day operation,
while annualized economic performance is still evaluated using the weighted results of
four seasonal representative days.

Figures 9 and 10 describe the dispatch process from external power balance and
internal storage allocation, respectively; Table 4 then summarizes the corresponding ac-
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commodation and arbitrage statistics. The corresponding SOC trajectories under different
business schemes are provided in Figure A1.

Figure 9. External power relationships of S1, S2, and S3 on the representative day.

Figure 10. Energy storage power allocation of S1, S2, and S3 on the representative day.

Table 4. Representative-day curtailed-energy accommodation and arbitrage dispatch results.

Scheme
Potential
Curtailed

Energy/MWh

Passive
Accommodation/MWh

Actual Curtailed
Energy/MWh

Arbitrage
Charging

Energy/MWh

Arbitrage
Discharging

Energy/MWh

S1 140.44 7.78 132.66 0.00 0.00
S2 140.44 139.86 0.59 556.65 622.35
S3 140.44 127.40 13.04 514.75 573.92
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Figure 9 shows the external relationship among renewable output, grid-connection
limits, curtailed energy, and grid-connected power.

Figure 10 decomposes the internal power allocation of shared energy storage under
the three schemes, explaining the operational source of the differences observed in Figure 9.

As shown in Figures 9 and 10 and Table 4, the actual curtailed energy in S1 is
132.66 MWh. In S2, arbitrage discharging releases SOC space, increasing passive accom-
modation to 139.86 MWh and reducing actual curtailment to 0.59 MWh. In S3, frequency-
regulation reserves reduce the available dispatch space, decreasing passive accommodation
to 127.40 MWh and increasing actual curtailment to 13.04 MWh. The arbitrage charging and
discharging values in Table 4 are statistical results of the arbitrage power channel and do not
form an independent energy-closure relationship; the overall energy balance is governed by
the SOC dynamic equation and the initial-terminal SOC closure constraint in Equation (23).

The charging and discharging quantities reported in Table 4 are channel-specific
statistical quantities used for revenue calculation and cycle attribution. They do not imply
that each service channel must be independently energy balanced. The physical energy
balance of the shared energy storage system is enforced at the system level by the SOC
dynamic constraint, SOC upper and lower limits, and the initial-terminal SOC closure
condition. As shown by the SOC trajectories in Figure A1, the SOC remains within the
allowable range and returns to the specified terminal level for each representative day.
Therefore, the channel-specific statistics in Table 4 should be interpreted together with the
SOC trajectories in Figure A1.

4.5. Verification of Key Mechanisms and Sensitivity Analysis
4.5.1. Verification of the Passive Curtailed-Energy Accommodation Mechanism

To verify the role of passive curtailed-energy accommodation, S2 is used as the bench-
mark, the passive accommodation function is disabled, and the capacity configuration is
then re-optimized. As shown in Figure 11, disabling passive accommodation increases
annual curtailed energy from 25,594.30 MWh to 56,744.74 MWh and decreases annualized
net income from 4395.90 × 104 CNY to 3108.88 × 104 CNY. Therefore, passive accommoda-
tion improves economic performance by reducing curtailment penalties and utilizing idle
leased resources, and its cycling contribution should be attributed to leasing-related cycles
rather than spot-market arbitrage cycles [35].

Figure 11. Ablation analysis of the passive curtailed-energy accommodation mechanism.
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4.5.2. Market Parameter Sensitivity and Preferred Business Scheme

To examine parameter robustness, sensitivity analyses are conducted on electricity
price scaling, unit leasing prices, and frequency-regulation compensation. The proposed
depreciation mechanism should be interpreted as an economic planning model based on
annual equivalent cycles, rather than as a full electrochemical battery degradation model,
and curtailed-energy penalty. The electricity price scaling results are reported in Table 5
and Figure A2, while the sensitivity results for unit leasing prices, frequency-regulation
compensation, and curtailed-energy penalty are shown in Figure 12 and Table 5.

Table 5. Market parameter sensitivity analysis results.

Sensitivity Parameter Low
Value

High
Value

Annualized Net
Income at Low

Value/
(104 CNY·Year−1)

Annualized Net
Income at High

Value/
(104 CNY·Year−1)

Result at Low
Value

Result at High
Value

Electricity price
scaling factor 0.65 1.40 2791 6274 P*/E* = 180/707

MW/MWh
P*/E* = 180/720

MW/MWh

Leasing price
multiplier 0.50 2.00 2152 9364 S2 S2

Frequency-regulation
compensation

multiplier
0.50 5.00 4396 4708 S2 S3

Curtailed-energy
penalty multiplier 0.50 2.00 4549 4089 S2 S2

Note: For the electricity price scaling factor, the result denotes P*/E*; for the other parameters, it denotes the
preferred business scheme.

Figure 12. Sensitivity of unit leasing price, frequency-regulation compensation, and curtailed-energy
penalty, and the preferred business scheme.

Figure 12 shows the sensitivity trends, and Table 5 provides the corresponding low-
and high-value endpoint results.

As shown in Figure 12 and Table 5, increasing the electricity price scaling fac-
tor from 0.65 to 1.40 raises annualized net income from 2791 × 104 CNY/year to
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6274 × 104 CNY/year and increases the optimal energy capacity from 707 MWh to
720 MWh, indicating that electricity price mainly affects arbitrage revenue and bound-
ary utilization. Under variations in unit leasing prices and curtailed-energy penalty, S2
remains preferred.

To further identify the economic switching point between S2 and S3, a refined sweep
of the frequency-regulation compensation multiplier was conducted around the transi-
tion region. As shown in Table A6, S2 remains preferable when KFR ≤ 3.65,whereas
S3 becomes preferable from KFR = 3.70 under the adopted 0.05 scanning resolution.
Linear interpolation between KFR = 3.65 and KFR = 3.70 gives an estimated switch-
ing threshold of KFR ≈ 3.6815. Therefore, under the benchmark service-boundary and
dynamic-depreciation assumptions, S3 becomes economically preferable only when the
frequency-regulation compensation level increases to approximately 3.68 times the bench-
mark value. Below this threshold, the additional frequency-regulation revenue cannot
offset reserve-capacity occupation, reduced arbitrage-available power, increased cycling
intensity, and higher dynamic depreciation pressure.

4.5.3. Capacity-Boundary Sensitivity Analysis

In the benchmark M3 and S2 results, the optimized energy capacity reaches the im-
posed upper bound of 720 MWh. To further examine whether this result is mainly restricted
by the upper energy-capacity boundary, an additional sensitivity test is conducted by ex-
panding Emax from 720 MWh to 840 MWh and 960 MWh, while keeping the power-capacity
upper bound, market parameters, grid-connection constraints, and service-boundary set-
tings unchanged. Since the model also imposes an upper limit on the E/P ratio, the E/P
upper bound is relaxed consistently with the expanded Emax to avoid retaining the original
4 h duration boundary.

As shown in Table 6, when Emax is increased from 720 MWh to 840 MWh, the optimized
energy capacity increases only slightly from 720 MWh to 728 MWh, and the annualized net
income increases from 4395.90 × 104 CNY/year to 4400.79 × 104 CNY/year, corresponding
to an increase of approximately 0.11%. When Emax is further increased to 960 MWh, the
optimized configuration and annualized net income remain unchanged. These results
indicate that the benchmark solution is affected by the imposed energy-capacity boundary,
but the marginal economic benefit of further expanding the energy capacity is very limited.
Therefore, the benchmark M3 result should be interpreted as a boundary-conditioned
optimum close to the economic saturation region under the given market, grid-connection,
service-boundary, and dynamic-depreciation assumptions. It should also be noted that
the optimized power capacity remains at the upper bound of 180 MW, indicating that the
result is still conditioned by the engineering power-access boundary.

Table 6. Sensitivity of the optimized M3 configuration to the upper energy-capacity bound.

Emax/MWh E/P Upper
/h P*/MW E*/MWh Nreal/

(Cycles·Year−1) Lreal/Year Annualized Net Income/
(104 CNY·Year−1)

720 4.00 180 720 403.04 14.89 4395.90
840 4.67 180 728 400.18 14.99 4400.79
960 5.33 180 728 400.18 14.99 4400.79

4.6. Applicability and Limitations of the Proposed Model

The proposed model is most applicable to renewable energy bases where shared
energy storage simultaneously provides leasing-based reliability support, passive curtailed-
energy accommodation, spot-market arbitrage, and frequency-regulation reserve under
clearly defined service boundaries. The representative-day reduction is appropriate when
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the selected seasonal profiles can adequately capture renewable-output patterns, grid-
connection constraints, and curtailed-energy risk characteristics of the annual samples.
Under these conditions, the model can evaluate how service-boundary allocation and
cycling intensity affect capacity configuration, economic lifetime, dynamic depreciation
cost, and annualized net income.

The model may become less reliable when actual operation deviates from the bench-
mark assumptions. First, if extreme renewable-output events or grid-connection restrictions
are not represented by the selected typical days, the annual revenue, curtailed-energy reduc-
tion, and cycling-intensity evaluation may be biased. Second, if market rules or contractual
arrangements allow the service boundaries to be dynamically redefined, for example, if
passive accommodation becomes an independently priced service or frequency-regulation
reserve is co-optimized with energy arbitrage at a higher time resolution, the boundary pa-
rameters should be recalibrated. Third, the current frequency-regulation treatment assumes
an approximately zero-mean response at the day-ahead dispatch timescale; persistent
regulation-energy bias or high-resolution regulation trajectories with nonzero cumulative
energy should be explicitly incorporated into the SOC dynamics. Fourth, the dynamic
depreciation mechanism is a planning-level economic depreciation model based on an-
nual equivalent cycles. It does not explicitly capture temperature dependence, C-rate
effects, variable depth-of-discharge ageing, SOC-dependent calendar ageing, or state-of-
health-dependent capacity fade. Therefore, applications requiring detailed battery-health
prediction should replace or extend the equivalent-cycle-based lifetime function with a
more detailed degradation model. Finally, the optimized capacity and preferred business
scheme remain conditional on market prices, compensation levels, grid-connection limits,
and configuration boundaries. Cross-regional applications should therefore recalibrate
these parameters and, when necessary, repeat the market-parameter and capacity-boundary
sensitivity analyses.

5. Conclusions
Based on representative-day data from a renewable energy base, this paper verifies the

shared energy storage capacity configuration model, the dynamic-depreciation closed-loop
mechanism, and the multi-service operation strategy through a case study. The main
conclusions are as follows.

(1) The dynamic-depreciation closed-loop mechanism can correct the overestima-
tion of the economic performance of high-cycling schemes caused by static deprecia-
tion. The ex post dynamic evaluation in M2 shows that, for the M1 configuration, the
actual economic lifetime decreases to 12.59 years and the annualized net income de-
creases to 4274.93 × 104 CNY. Through cycle feedback, M3 increases the energy capac-
ity from 533 MWh to 720 MWh, reduces the annual equivalent number of cycles to
403.04 cycles/year, and achieves a higher annualized net income than M2. Although
its annualized net income is lower than the static-depreciation estimate in M1, M3 provides
a more realistic evaluation by incorporating the impact of operational intensity on lifetime
and capacity-side depreciation.

(2) Under the benchmark parameters, S2 achieves the highest annualized net income,
indicating that “leasing-based reliability support + passive accommodation + spot-market
arbitrage” provides a better balance among revenue improvement, SOC-space utilization,
and lifetime degradation. The selected spring representative day further shows that S2
coordinates price-driven arbitrage and passive accommodation by releasing SOC space
before high-curtailment-risk periods and using idle leased resources for curtailed-energy
accommodation. As a result, the potential curtailed-energy accommodation rate of this
representative day increases from 5.54% in S1 to 99.59% in S2.
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(3) The passive-accommodation disabling test and sensitivity analysis show that pas-
sive accommodation plays an important role in reducing curtailed-energy penalties and
improving annualized net income. Under variations in electricity price scaling, unit leasing
prices, and curtailed-energy penalties, S2 maintains strong stability. When frequency-
regulation compensation becomes high enough to offset the additional cycling degradation
and dynamic-depreciation pressure, the preferred scheme may switch from S2 to S3. This in-
dicates that the proposed model can identify the switching boundary of business strategies
under different market compensation conditions.

It should be noted that the optimal configuration and preferred business scheme
obtained in this paper are closely related to renewable energy output characteristics, grid-
connection constraints, market prices, frequency-regulation compensation levels, and
configuration boundary conditions. Therefore, they should not be directly interpreted as
general capacity recommendations for all renewable energy bases. The main contribution
of this paper is to establish an analytical framework that couples service boundaries, opera-
tional intensity, cycle-intensity-adjusted economic depreciation, and capacity configuration.
The proposed depreciation mechanism should therefore be interpreted as a planning-level
economic depreciation model based on annual equivalent cycles, rather than as a full
electrochemical battery degradation model. Future research can further incorporate higher-
resolution frequency-regulation response signals, more detailed state-of-health degradation
models considering temperature, C-rate, variable depth-of-discharge ageing, and SOC-
dependent calendar ageing, as well as broader cross-regional validation under different
market mechanisms, grid-connection constraints, and planning-boundary assumptions.
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Symbol Definition
SES Shared energy storage
DBO Dung Beetle Optimizer
MILP Mixed-integer linear programming
IRR Internal rate of return
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S1
Leasing-based reliability support + passive accommodation of curtailed
renewable energy

S2
Leasing-based reliability support + passive accommodation of curtailed renewable
energy + spot-market arbitrage

S3
Leasing-based reliability support + passive accommodation of curtailed renewable
energy + spot-market arbitrage + frequency-regulation ancillary services

M1 Static depreciation model
M2 Ex post dynamic depreciation evaluation model under a fixed configuration
M3 Dynamic depreciation closed-loop optimization model
P Rated power of shared energy storage
E Rated energy capacity of shared energy storage
Nreal Annual equivalent number of cycles
Lreal Actual economic lifetime
Cdep,real Capacity-side dynamic depreciation cost
Rlease Annual leasing revenue
Rspot Annual spot-market arbitrage revenue
R f req Annual revenue from frequency-regulation ancillary services
Ccur Annualized curtailed-energy penalty cost

Appendix A
Appendix A provides supplementary information supporting the case study and

sensitivity analysis, including the typicality indicators of seasonal representative days,
the settings of comparative models and business schemes, the service-reservation and
supplementary-constraint parameters, representative-day SOC trajectories, and electricity-
price-scaling sensitivity results.

Table A1. Probability coefficients and difference coefficients of seasonal typical scenarios.

Indicator Spring
Scenario

Summer
Scenario

Autumn
Scenario

Winter
Scenario

Probability coefficient 0.2514 0.2514 0.2486 0.2486
Difference coefficient 0.2462 0.2527 0.2811 0.5011

Table A2. Business boundaries and main results of comparative cases.

Case ID
Leased
Reserve

Power/MW

Leased Reserve
Energy

Capacity/MWh

Upper Limit of
Arbitrage-
Available

Power/MW

Frequency-
Regulation

Reserve
Power/MW

Daily Passive
Accommodation/

MWh

Configuration
Result P*/E*/
(MW/MWh)

Annualized Net
Income/

(104 CNY·Year−1)

M1 61.20 170.56 100.80 — — 180/533 4597.89
M2 61.20 170.56 100.80 — — 180/533 4274.93
M3 61.20 230.40 100.80 — 139.86 180/720 4395.90
S1 72.00 64.80 — — 7.78 180/180 1188.98
S2 61.20 230.40 100.80 — 139.86 180/720 4395.90
S3 50.40 197.10 90.00 8.10 127.40 180/657 3751.81
A1 61.20 230.40 100.80 — 139.86 180/720 4395.90
A2 61.20 203.20 100.80 — — 180/635 3108.88

Note: A1 and A2 in the Case ID column denote passive-accommodation mechanism comparison cases and should
not be confused with Table A1 or Table A2 in the Appendix A. An em dash (—) indicates that the corresponding
service is not included in the case or that the value is not separately reported.

To support computational reproducibility, the detailed implementation settings of the
DBO–MILP solution procedure are provided in Table A4.
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Table A3. Parameter settings for service reservation and supplementary constraints.

Symbol Value

Klease,P S1/S2/S3:0.40/0.34/0.28
Klease,E S1/S2/S3:0.36/0.32/0.30
K f req S1/S2/S3:0/0/0.045

γ 0.12
Ftest 12 tests/year

DODtest 0.02
nmaint,day S1/S2/S3:0.12/0.16/0.22 cycles/day

ε 10−6 × 104 CNY/MWh
KP 1.10
KE 1.10

Table A4. Computational implementation settings of the DBO–MILP solution procedure.

Category Setting

Upper-level optimizer Dung Beetle Optimizer (DBO)
Upper-level decision variables Storage power capacity (P) and energy capacity (E)

Upper-level objective Maximization of annualized net income
Population size 18

Maximum iterations/
termination criterion 30 iterations

Producer/breeder/thief ratios 0.20/0.30/0.20
Forager group Remaining individuals

Stall probability 0.10
Capacity discretization 1 MW for (P), 1 MWh for (E)

Constraint handling Boundary repair for (P), (E), and (E/P); penalty terms for
investment-budget and annual-cycle-limit violations

Lower-level model 24 h mixed-integer linear programming (MILP) dispatch model
MILP solver MATLAB intlinprog

MILP options Display off; advanced heuristics; advanced cut generation; maximum time
60 s per MILP call

Big-M factor 1.0
Software environment MATLAB R2022b, 64-bit Windows

Average computation time 75.81 s for the benchmark M3 stability runs

To evaluate the stability of the metaheuristic upper-level search, the benchmark M3
case was repeated for 10 independent DBO runs with different random seeds, and the
results are reported in Table A5.

Table A5. Independent-run stability of the upper-level DBO search.

Run Seed P*/MW E*/MWh Annualized Net Income/
(104 CNY·Year−1)

Nreal/
(Cycles·Year−1) Lreal/Year Time/s

1 20260427 180 720 4395.9031 403.0446 14.8867 76.06
2 20260428 180 720 4395.9031 403.0446 14.8867 74.36
3 20260429 180 720 4395.9031 403.0446 14.8867 76.18
4 20260430 180 720 4395.9031 403.0446 14.8867 75.81
5 20260431 180 720 4395.9031 403.0446 14.8867 75.08
6 20260432 180 720 4395.9031 403.0446 14.8867 74.47
7 20260433 180 720 4395.9031 403.0446 14.8867 74.98
8 20260434 180 720 4395.9031 403.0446 14.8867 76.41
9 20260435 180 720 4395.9031 403.0446 14.8867 80.06
10 20260436 180 720 4395.9031 403.0446 14.8867 74.69

Note: The mean computation time is 75.81 s with a standard deviation of 1.67 s. The dominant configuration
180/720 MW/MWh appears in 100% of the independent runs, and the coefficient of variation of annualized net
income is 2.18 × 10−14%.
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Table A6. Refined threshold analysis of the frequency-regulation compensation multiplier.

KFR
S2 Net Income/

(104 CNY·Year−1)
S3 Net Income/

(104 CNY·Year−1)
FS3−FS2

(104 CNY·Year−1)
Preferred
Scheme

3.50 4395.90 4352.30 −43.586 S2
3.55 4395.90 4364.30 −31.576 S2
3.60 4395.90 4376.30 −19.566 S2
3.65 4395.90 4388.30 −7.556 S2
3.70 4395.90 4400.40 4.454 S3
3.75 4395.90 4412.40 16.464 S3
3.80 4395.90 4424.40 28.475 S3
3.85 4395.90 4436.40 40.485 S3
3.90 4395.90 4448.40 52.495 S3
3.95 4395.90 4460.40 64.505 S3
4.00 4395.90 4472.40 76.515 S3

Note: The optimized S2 configuration remains P*/E* = 180/720 MW/MWh, while the optimized S3 configuration
remains P*/E =180/657 MW/MWh over the refined scanning interval.

Figure A1. Representative-day SOC trajectories under different business schemes.

Figure A2. Effects of electricity price scaling on revenue, configuration, cycle life, and investment return.
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