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Abstract—Battery energy storage systems (BESS) are vital
components of renewable-dominated power systems, but their
operation is limited by battery aging. Aging mainly occurs
during charge-discharge cycles, and conventional cycle identifi-
cation using rainflow counting can only analyze SoC trajectories
retrospectively. However, there is still a lack of analytical and
accurate cycle cost models for optimization problems where SoC
is a decision variable. To address this issue, this paper firstly
models the BESS as a set of virtual slots, each assigned with a
distinct marginal cycle increment. The dual energy distribution
state is introduced to represent the marginal cycle-aging effects
of charging and discharging processes. This method restores the
Markov property of cycle aging and eliminates the dependence
on historical paths and simulation. Based on this concept, a linear
aging cost model with dual energy distributions is developed and
seamlessly embedded into optimization frameworks such as BESS
arbitrage or power system operation. Case studies show that
the proposed model increases average arbitrage profit by 17.8%
compared with traditional models. While conventional methods
result in cost estimation errors of up to 44 %, the proposed model
achieves near-zero aging cost estimation error.When integrated
into system scheduling, the model further reduces operating costs.

Index Terms—Battery energy storage, Cycle aging cost Dual
energy distribution, Markov property restoration.

I. INTRODUCTION

By the end of 2024, China’s new energy storage capacity
reached 73.76 GW/168 GWh, of which battery energy stor-
age systems (BESS) accounted for over 90%. Despite this
growth, BESS profitability remains limited by battery aging
and replacement costs. As battery aging depends on complex
charge—discharge cycling behavior, its operating cost is dif-
ficult to characterize. Therefore, developing a mathematical
model that accurately represents the cycle-based aging cost
of BESS for optimized operation is crucial to improving its
operational and economic performance.

At present, the most commonly used aging cost models
for BESS optimal operation are power-oriented and energy-
oriented approaches. In [1], a fixed aging cost is assigned to
the charging and discharging power. In [2], the authors found
that high-power charging and discharging accelerate battery
aging. Some studies further model aging cost as a piecewise
function of power [3] or as a quadratic function of power [4].
Other works assume a linear relationship between aging cost
and energy throughput [5]-[6]. However, studies have shown
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that BESS aging primarily occurs during complete charge—
discharge cycles, with the cycle depth being the key factor
influencing the aging rate [7]. Thus, power- or energy-based
models deviate from the aging mechanism of batteries.

In practice, BESS often experience alternating shallow and
deep cycles, with complete cycles forming across multiple
time periods. Operations in one period affect subsequent
marginal aging costs, indicating temporal coupling in BESS
aging. Currently, cycle identification commonly relies on the
rainflow counting method, which can extract complete cycles
from SoC trajectories and has been widely adopted in inter-
national standards. However, the rainflow counting method is
a post-processing statistical tool based on simulation results
and does not possess a closed-form analytical expression. It
can only be applied offline when the SoC trajectory is known,
making it unsuitable for direct integration into optimization
models where SoC is a decision variable.

To address this limitation, existing cycle-based aging cost
models often adopt simplified representations. Some studies
regard single-period charge or discharge as a cycle [8], while
others define aging by single-period discharge depth [9]. These
approaches overlook cross-period cycle formation, causing
aging costs to be underestimated. In [9], equivalent simplified
cycles are defined by identifying consecutive charging and
discharging periods, but this approach introduces nonlinear
constraints that increase computational complexity. In [10],
the BESS is divided into multiple sub-units according to
the aging function to represent marginal costs at different
depths, but aging is considered only during discharge, which
is inconsistent with the actual physical mechanism. These
models incorporate simplified cycle-based aging costs into
optimization frameworks; however, the aging estimated dur-
ing optimization often deviates significantly from the actual
operating cost, hindering the BESS from achieving optimal
economic performance.

Other studies adopt machine learning—based methods for
aging-aware BESS scheduling. In [12], a neural network
estimator is designed to predict aging cost based on the SoC
difference between adjacent periods. In [13], the rainflow
counting—based cycle information is encoded into the reward
function. However, such data-driven methods require large
amounts of training data and often fail to guarantee global
optimality in decision-making.

In summary, existing power- and energy-based models fail
to capture the cycle depth-dependent nature of battery ag-
ing. While cycle-based models better reflect physical aging,
accurate cycle identification methods like rainflow counting



lack analytical form and cannot be integrated into optimization
frameworks. Simplified alternatives often miss partial cycles
and underestimate aging costs. Therefore, a model that ac-
curately captures cycle aging and supports multi-period opti-
mization is urgently needed to improve BESS performance.

This paper conducts innovative research to address the
above challenges and develops a dual energy distribution—
based cycle aging cost model for BESS. The main contribu-
tions are as follows:

(1) A virtual slot framework is introduced, dividing the
BESS into multiple slots. The dual energy distribution in
these virtual slots captures the marginal deepening effects
of charging and discharging cycles, thereby restoring the
Markov property of battery aging and enabling state-based
aging cost evaluation without dependence on historical SoC
or simulations.

(2) Building on this Markovian aging representation, a
cycle-oriented aging cost model is developed. By assigning
distinct aging costs to virtual slots and imposing corresponding
power—energy constraints, the model enables a linearized
integration of aging cost into optimization frameworks such
as BESS arbitrage or power system operation, ensuring both
accurate aging characterization and computational efficiency.

(3) The proposed model delivers over 17.8% higher average
arbitrage profit than conventional aging models. It reduces the
cost estimation error from over 44% to nearly zero. When
integrated into system scheduling, the model further reduces
operating costs.

II. MARKOV PROPERTY RESTORATION IN BESS AGING

This section introduces the mechanism of BESS cycle
aging and its temporal coupling. By expanding the state with
energy distribution variables, the SoC trajectory-dependent
aging process is reformulated into a state-based representation,
restoring the Markov property and enabling linear modeling.

A. Battery cycle aging characteristics

The aging caused by cycling can be characterized by a
cycle-depth function:

Qcye(k, d) = kad? (1
where d is the cycle depth, k the cycle type (k = 1 for a full
cycle and k£ = 0.5 for a half cycle), and a and z are constants
determined by battery materials. The aging cost is allocated
according to the battery replacement cost C"™P:

c(k,d) = C*PQeye (K, d) 2)
The rainflow counting is a standard approach for cycle iden-
tification, incorporated into international standards and widely
regarded as the benchmark for cycle counting. It simulates a
“rainflow” process to identify cycles but lacks a closed-form
analytical expression, being defined algorithmically as follows:
(df“", das, dCh) = rainflow(SoCy, ..., SoC;) 3)
where d™, d%. and d" denote the sets of full cycles,
discharge half cycles, and charge half cycles, respectively.
Figure 1 illustrates the process of rainflow cycle identification,
with detailed rules available in [7].
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Fig. 1. Rainflow counting cycle recognition.

Cycle-based aging causes the battery aging cost to exhibit
temporal coupling, as the operating cost in each period de-
pends on the historical SoC trajectory. However, the rainflow
counting method is a post-simulation approach that requires
a known SoC trajectory and therefore cannot be embedded
into an optimization model where SoC is a decision variable.
Hence, a cycle-oriented cost model is required to explicitly
quantify the effect of different operational actions on cycle
evolution and battery aging.

B. Markovian Representation of Battery aging

When the SoC changes from SoC; to SoC; 1, the transition
path SoC; —SoC;; 1 may intersect with the “raindrops” falling
from the historical SoC trajectory. These intercepted raindrops
continue to flow along the new trajectory, indicating that the
corresponding half cycles are further deepened. In Fig. 1,
taking S5 as an example where SoC = 0.7, if discharging starts
from S5 and the SoC remains above 0.4 after discharging,
only the half cycle starting at S5 is deepened. When the SoC
decreases below 0.4, the S3—54 half cycle with a depth of 0.5
is deepened. Conversely, during charging, the .S;,—S5 half cycle
with a depth of 0.3 is first deepened; when the SoC exceeds
0.9, the Sp—S1—53 half cycle with a depth of 0.9 becomes
active and is subsequently deepened.

Figure 2 illustrates the marginal deepening effects on ex-
isting half cycles when the BESS charges from S5 to SoC =
1 and discharges to SoC = 0. The solid regions represent the
existing half cycles, while the grid-marked regions indicate
the additional depths that can be further extended through
subsequent charging and discharging operations.
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Fig. 2. Impact of charging/discharging and dual energy distribution at S5.

SoCs

The proposed model introduces energy distribution states
based on virtual slots to store and explicitly represent the
marginal effects of real-time charging and discharging opera-
tions. The BESS is uniformly divided into I virtual slots, each
with a maximum state of charge of 1/1, and indexed by depth
from shallow to deep as ¢ = 1,...,I. A virtual slot changing



from full to empty (or vice versa) represents the deepening of
a discharge (or charge) half-cycle from (i — 1)/I to i/1.
Two energy distribution states are defined to describe how

discharging and charging affect existing half cycles:

SoC{° = [SoC{9, ..., S0CyS, ..., SoCy] (4)

SoC}" = [SoC}"y, ..., SoCY;, ..., SoC}Y] (5)
where Sone denotes the energy distribution for discharge
aging, with energy allocated to slots representing the marginal
deepening of discharge half cycles; and SoCitn denotes the
energy distribution for charging, with energy vacancies cor-
responding to the marginal deepening of charge half cycles.
SOC?; and SoCitrfi denote the energy state of slot ¢ at time t.
Figure 2 illustrates the energy distributions of SoCﬁ‘i (blue)
and SoCE‘t (red) at state S5, where white cells indicate
empty slots and the numbers denote the virtual slot indices.
Fig. 3 presents the corresponding dual energy distributions at
different time instants.
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Fig. 3. Dual Energy Distribution Representation.

At any given time, the impact of future operations at any
depth on historical cycles or incremental aging cost can be
determined from the energy distribution of virtual slots:

=g (SOC;‘G, SoCi", ASoCt) ©6)

An action-based mechanism updates SoC%° and SoC" to
restore the Markov property:

SoC®,, SoCi" | = f(SoC?e, SoC®, ASoCt) )

The unified state update rule for SoC{® and SoC™ can be
expressed as follows: During charging, energy is sequentially
filled into the unoccupied virtual slots from 7 = 1 to I, while
during discharging, energy is sequentially released from the
virtual slots in the same order. The energy distribution shown
in Fig. 3 further validate this transition rule, expressed as:

ASoCy = Y ASoCY;, = € {in,de} (8)

i€

ASoCf, > 0 if SoCj, = 1, Vj <i and ASoCy >0 (9)
ASoC}, < 0if SoC7, =0, Vj < i and ASoC; <0 (10)

This update process effectively realizes the pairing of charge
and discharge half-cycles into full cycles and removes the
paired-cycle from the energy distribution.

When the capacity of each virtual slot matches the minimum
inter-temporal SoC variation of the BESS (For example, if the
BESS operates with a charge/discharge step size of ASoC =
0.1, it can be divided into I = 10 virtual slots, each having
a maximum SoC of 1/I = 0.1. ), the aging cost calculated
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by the proposed method is strictly equivalent to the ex-post
results of the rainflow counting method.

By representing the deepening of cycles through energy dis-
tribution states, this approach restores the Markov property of
cycle aging. Meanwhile, the state updating process eliminates
the nonlinear comparison of extrema required in traditional
rainflow counting, offering the potential for linear modeling
and seamless integration into optimization frameworks.

ITII. BESS AGING COST MODEL BASED ON DUAL
ENERGY DISTRIBUTION

After restoring the Markov property, this section formulates
aging constraints and cost, enabling a linear model suitable for
optimization tasks like BESS arbitrage and system operation.

A. Aging Cost Model

The aging cost model incorporates the following constraints:
the energy distribution constraint, the total energy balance and
boundary constraints of virtual slots, the virtual slot power
constraint, and the virtual slot energy transition constraint.

(1) Initial Energy Distribution Constraint

When the initial SoC is SoCy, in the energy distribution state
Sone, energy is sequentially filled from the lowest slot index
(¢ = 1) to higher ones. In contrast, in the energy distribution
state SoCI", energy is filled from the highest slot index (i = I)
down to lower ones:

de 1

SOCO,i = Tl{%SSOCo} (11)
in 1

SOCO,i = Tl{%ZSOCO} (12)

where, 1{,} equals 1 when the condition inside the brackets is
satisfied and O otherwise. Such an initial energy distribution
ensures that, regardless of charging or discharging operations,
each half cycle deepens progressively from zero depth.

(2) The total energy of the two types of energy distributions
should be equal to the total energy of the BESS.

D S0CH =Y " SoC} = SoCy (13)
il el
(3) The energy constraints of the virtual slots:
1
0 < SoCy; < 5 (14)
; 1
0 < SoCl < (15)

(4) Assign the charging and discharging power separately
to the two types of energy distributions, ensuring that the
total power in each distribution equals the actual charging or
discharging power of BESS.

Y P =) R =F (16)
icl i€l
Zpttjif,d Zpln ,d (17)
i€l el

where Pf and Pg denote the chargmg and dlscharglng power
of the BESS, respectively; Ptfc and P f represent the
charging and discharging power of virtual slot_ 1 in the energy
distribution state SoCj{°; and P,7° and Ptlg’d denote the



charging and discharging power of virtual slot ¢ in the energy
distribution state SoC;}".
(5) Energy transition constraints for virtual slots:

NP At Ptff’dAt

e e t,e
SOC?J' = SOC?_L,L' + Emax ’I]Emax (18)
S in S Cin nPtly?CAt P;?dAt 19
O = Ty B )

where 1 denotes the efficiency of the BESS.

The unit aging cost for each virtual slot ¢; ($/MWh) is
obtained by normalizing the aging increment of a charge or
discharge half cycle by the slot capacity and multiplying by
the battery replacement cost.

Qeye(5,d) = Qeye (3,4~ 1)
Emax/I

The aging cost of the BESS at each time step is equal to
the sum of the aging costs of all virtual slots. Specifically,
the discharging aging cost is calculated based on the energy
distribution state Sone, while the charging aging cost is
obtained from the energy distribution state SoC™.

C; Ptdf’dAt in,c
C, = Z T < 717 + 0P At 1)

i€l
By assigning progressively increasing unit aging costs ¢;
to each virtual slot, the state transition rule of filling and
extracting energy in the fixed order ¢ = 1 — I is automatically
satisfied within the optimization problem.

¢; = CeP (20)

B. BESS Operation Model

The proposed model, together with the BESS power con-
straints and energy upper and lower bounds, constitutes a
complete operational model of BESS:

0 < P < \dpmax, (22)
0 < PS < \gpmax, (23)
>‘(ti+)‘§ =1, /\?aAg €{0,1}, (24)
SoC™in < §oCy < SoC™ax, (25)

Cost-related constraints (11)—(21)
where \{ and \¢ are the discharge and charge state variables of
the BESS, respectively. The BESS energy transfer is managed
by tracking each virtual slot, removing the need to monitor
total energy. This model can be seamlessly and linearly
integrated into optimization frameworks like energy arbitrage
and power system operation.

IV. CASE STUDY

This section presents a case study to validate the proposed
cost model and compare it with traditional ones, evaluating its
effectiveness in improving BESS arbitrage profits and reducing
overall system operating costs.

A. Parameter Settings

The BESS, rated at 600 MW/2400 MWHh, is analyzed under
two scenarios: (1) standalone energy arbitrage using the PIM
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market price curve from [15], and (2) integrated operation
within the IEEE 118-bus system to assess its impact on overall
grid optimization. The battery replacement cost Clp, is set
to 300,000 $/MWh, with aging parameters a = 0.0002 and
z = 2.03 [11], and an initial state of charge SoCy = 0.8. All
simulations are performed on a computer equipped with an
Intel i17-14700K CPU and 32 GB of RAM.

To further investigate the impact of the proposed cost model
on market clearing performance, five different cost models are
designed and compared.

TABLE I
COMPARATIVE EXAMPLE

Case Aging Cost Model Description

1 Fixed aging cost assigned to charge/discharge power [1].

2 Single-period charging or discharging is treated as one cycle
with a piecewise cost function of cycle depth [10].

3 Fixed aging cost applied to discharged energy only [5].

4 Aging concentrated on discharge; the BESS is modeled as
multiple sub-systems with different aging costs [11].

5 The proposed aging cost model, with I = 20.

B. Comparison of BESS Arbitrage Profits

Different cost models are embedded in the arbitrage frame-
work for comparison, and Fig. 4 shows that they yield
markedly different SoC trajectories. To evaluate the accuracy
of the cost model, the aging cost calculated in the decision-
making stage is defined as the calculated cost, while the result
obtained by applying the rainflow counting method to the ac-
tual SoC trajectory is regarded as the actual cost. The relative
cost error is defined as ¢ = [Caleulated Cost=Acwal Cost] ' pjoyye 5
presents a comparison among five cost models. The results
show that the absolute error of traditional models ranges from
44% to 62%, whereas the proposed model achieves a deviation
of only 0.01%. By subtracting the actual aging cost from
the market arbitrage revenue, the actual profit of the BESS
is obtained, as shown in Figure 5. The results indicate that
the proposed aging cost model achieves the highest arbitrage
profit, improving by $8077 (about 17%) over the second-best
model. We conducted a sensitivity analysis on the number of
virtual slots in Model 5. The results show that the arbitrage
profit saturates at around 10 slots, while the computation time
remains negligible even with 50 slots (0.0098 s).
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Fig. 4. SoC trajectories in different cases.
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To evaluate the proposed model’s arbitrage performance
under varying price scenarios, 100 days of PJM market data
were simulated. As shown in Figure 6, the model yields the
highest average profit of $51,477—about 13%-31% higher
than other models.

C. Comparison of System Operating Costs

The cost model of the BESS is incorporated into the
scheduling optimization of the IEEE 118-bus system. Based
on the fuel costs of thermal units and the actual aging costs
of the BESS, the total system operating cost is obtained, as
illustrated in Fig. 7. The results show that the proposed model
achieves the lowest system cost, reducing total expenses by
$4,000-$7,000 compared with other cases. Meanwhile, the
computation time remains below 1 s, demonstrating that the
proposed linearized aging cost model attains high accuracy
while maintaining excellent computational efficiency.
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Fig. 7. Comparison of System Operating Costs.

CONCLUSIONS

The aging that occurs in the charging and discharging cycles
of BESS has a significant impact on its operational benefits.
Cycle identification usually relies on rainflow counting for
post hoc SoC analysis, but analytical and accurate cycle cost
models are lacking in optimization problem. To address this,
this paper proposes a dual energy distribution state model that
accurately characterizes cycle aging costs.

A virtual slot framework is introduced, dividing the BESS
into multiple slots. The dual energy distribution across these
virtual slots captures the marginal deepening effects of charg-
ing and discharging cycles, thereby restoring the Markov prop-
erty of battery aging. Based on this, a cycle-dependent linear
aging cost model is developed, transforming the traditional
nonlinear, history-dependent aging process into a state-based
linear analytical model that can be seamlessly embedded into
the optimization framework.

Case studies show that the proposed model improves the
average arbitrage profit by more than 17% compared with
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conventional aging models. Traditional methods produce over
44% cost estimation errors during optimization, while the
aging cost computed by the proposed model deviates from
the benchmark rainflow counting result by only 0.01%. When
integrated into the power system scheduling model, the pro-
posed method further reduces the total system operating cost,
demonstrating its effectiveness in both economic optimization
and grid-level operation.

With its high accuracy and linear, binary-free formulation,
the proposed method is broadly applicable to battery tech-
nologies with convex degradation functions (e.g., lithium-ion,
lead—acid, and nickel-cadmium). It can be incorporated as an
additional constraint into a wide range of BESS optimiza-
tion problems (including joint energy and ancillary-service
co-optimization) and market-clearing models with marginal
pricing, enabling cost-accurate bidding and market mechanism
design as well as broader BESS operation studies.
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