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OPTIMAL SCHEDULING FOR MULTI-ESS CONSIDERING LIFE-CYCLE
BATTERY DEGRADATION

JAEMIN PARK!, TAEKYEONG JEONG? AND MIN Kyu Sim?*

Abstract. In this study, we propose an optimal strategy for managing multiple energy storage systems
(ESS) to reduce both electricity expenses and battery degradation costs. Our approach uses a two-stage
optimization process for battery management. In the first stage, reinforcement learning (RL) identifies
the aggregated optimal amounts for charging and discharging. Then, quadratic programming (QP)
distributes these aggregated amounts across multiple batteries. Experiments conducted under different
test conditions, including variations in the number of batteries and their remaining lifespans, show that
ESS with reused batteries can improve operational efficiency and achieve total cost savings of 1.7% to
11.2% compared to ESS with new batteries.
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1. INTRODUCTION

In recent years, battery technology related to energy storage systems (ESS) has made significant progress in
both economic and environmental aspects [19,32]'. These improvements are expected to enhance grid stability
[4,22], optimize the utilization of renewable energy, reduce reliance on fossil fuels, and contribute to building a
sustainable energy infrastructure [13,15,28].

The primary benefits of ESS operation can be summarized in four categories: (1) renewable energy storage,
(2) emergency power supply, (3) peak shaving, and (4) electricity cost reduction. Renewable energy storage
has become crucial as the world shifts towards sustainable power sources. Studies in [3,5,10] improved energy
utilization and efficiency by storing photovoltaic electricity in ESS, while studies in [42,44] employed ESS to
mitigate fluctuations in wind power generation. Regarding emergency power supply, the authors of [17, 3§]
employed ESS to provide backup power and to prepare for potential outages. Peak shaving is another key
benefit of ESS. It refers to the process of reducing or smoothing out the highest peaks in energy demand by
using ESS. This involves charging during low-demand periods and discharging during peak times, effectively
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managing load fluctuations. The study in [21] improved system peak load by optimizing the charging schedule
of battery-powered automated vehicles, while the authors of [18] utilized ESS to mitigate peak energy loads
in buildings. Lastly, electricity cost reduction is the primary objective of ESS implementation. The authors of
[27,40,45] attempted to reduce grid system costs by utilizing ESS installed in electric vehicles and electric buses,
while the authors of [9,25] aimed to lower residential electricity bills through the use of ESS.

This study focuses on the fourth objective — electricity cost reduction. ESS can effectively reduce costs under
Time-of-Use (ToU) pricing by temporally shifting energy: storing electricity during low-priced off-peak hours
and using the stored energy during high-priced peak hours. This time-based shifting can lead to significant
electricity cost savings, as typical ToU pricing often has electricity rates 2-3 times higher during peak hours
than during off-peak hours [31, 46, 48]. While cost reduction remains the primary goal, such strategies can
often accelerate battery degradation and reduce system longevity. This creates a fundamental trade-off between
short-term economic gains and long-term asset health, making the operational decision-making process highly
complex. Our study addresses this challenge by modeling the problem as a multi-objective optimization task
that jointly considers electricity cost and degradation cost through the integration of reinforcement learning
(RL) and quadratic programming (QP).

An important contemporary issue of ESS is the reuse of batteries [33]. Reused batteries, often called second-
life batteries (SLBs), are typically sourced from electric vehicles and present an attractive option for ESS
implementations. These batteries not only offer affordable ESS installation but also contribute to environmental
sustainability [7].

We employ a distributed approach, referred to as a multiple ESS (multi-ESS) system, which comprises several
distributed units rather than a single unit. The multi-ESS configuration generally offers three operational
advantages: enhanced stability, economic benefits, and a reduction in power losses [12,35,39]. First, stability is
enhanced because a multi-ESS system can disperse risks, such as those from fires or other operational issues,
rather than concentrating them in a single system [35]. Secondly, multi-ESS systems are more economically
efficient compared to single large systems. The authors of [12,39] demonstrate that multi-battery systems
distribute initial installation and degradation costs, leading to overall cost savings. Lastly, multi-ESS systems
have the advantage of reducing power losses, as highlighted by Wong et al. [39], which explains that power
losses — meaning that not all of the supplied electrical energy can be fully utilized due to inevitable losses in
the delivery process — are reduced when using multi-ESS units, allowing each battery system to operate under
optimal conditions.

In a multi-ESS system utilizing reused batteries, the operator’s primary task is to efficiently distribute the
charge and discharge amounts across different ESS units to minimize total costs, including battery degradation
cost. Battery degradation refers to the gradual loss of a battery’s capacity and efficiency over time due to
factors such as charge-discharge cycles. In general, degradation encompasses various phenomena, including
capacity degradation and efficiency degradation. Our study primarily focuses on capacity degradation, which
directly affects the usable energy of each battery and is critical for optimizing charge and discharge allocations.
This consideration is particularly important in multi-ESS environments where the condition of each battery
may vary significantly. The more variation there is in battery conditions, the more complex the allocation
problem becomes, as accurately accounting for the degradation of individual batteries becomes more challenging.
With multiple ESS units, operators must rigorously assess each unit’s level of degradation to optimize system
performance and ensure economic benefits.

To achieve optimal multi-ESS operation with reused batteries, operators must focus on three key elements:
applying precise degradation models for each unit, determining the optimal total charge and discharge amounts
based on the operational state, and allocating these amounts effectively across each ESS unit.

Firstly, accurate degradation models that reflect the impact of various factors on battery life are essential. Key
factors that influence battery life include the State of Charge (SoC), which indicates the current energy level of
the battery as a percentage of its capacity, and the Depth of Discharge (DoD), which represents the percentage
of battery capacity that has been used relative to its full charge. Previous research has often been limited by
focusing on isolated factors, with studies such as [16,23,41] considering either DoD or SoC individually rather
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than examining their combined effects. This approach overlooks the intricate interactions affecting battery
degradation. In this context, degradation models proposed by Xu et al. [43], Park et al. [30] and Choi et al. [3]
provide a foundation by considering both DoD and SoC, allowing operators to accurately assess the degradation
amount of each ESS unit.

Secondly, the operational strategy must determine the optimal total charge and discharge amounts for the
entire ESS system, tailored to the specific electricity demand profile and ToU pricing. To achieve this, we
propose a strategy that uses a RL-based policy [30]. The RL-based policy helps in reducing operational costs
by optimally determining the timing and amount of electricity to charge or discharge.

Lastly, once the total charge and discharge amounts for the entire system are determined, these amount
needs to be allocated across individual batteries to minimize total degradation costs. We utilize a QP method,
as proposed by Choi et al. [3], to optimally distribute the overall battery usage across each battery at the system
level.

By integrating these components, we propose a two-stage optimization process for multi-ESS operation. The
first stage determines the optimal charge and discharge amounts at the system level, and then the second stage
allocates these aggregated amounts across each battery unit. This top-down strategy provides a transparent
decision-making process by dividing a large ESS into smaller, manageable units. This approach allows for
precise control and optimization of each unit’s performance and degradation, enhancing economic efficiency and
battery longevity. Detailed discussions of the proposed method are presented in Section 3.

Unlike prior works that rely solely on either RL or mathematical optimization techniques such as QP [3,30],
our approach introduces a unified two-stage framework that leverages the complementary strengths of both. RL
enables adaptive decision making under uncertainty by learning long-term operational policies. And QP provides
precise and interpretable allocation of battery usage across heterogeneous ESS units. This hybrid framework
is particularly advantageous in multi-ESS scenarios involving reused batteries with diverse degradation states,
where both global adaptability and local optimization are required. By jointly minimizing electricity and degra-
dation costs, our method presents a more inclusive and scalable solution compared to existing single-stage
approaches.

Our contributions can be summarized as follows:

— We present an operation strategy for multi-ESS, including reused batteries.

— We propose a two-stage optimization approach to maximize economic benefits by minimizing both electricity
and degradation costs.

— The developed method is based on analytical formulas, ensuring practical applicability across various multi-
ESS configurations.

This paper is organized as follows: Section 2 presents the background and discusses the related research.
Section 3 outlines the problem, while Section 4 formulates it. Section 5 discusses the results, and Section 6
concludes the paper.

2. BACKGROUND AND RELATED WORK

2.1. ESS degradation model

The degradation of ESS is influenced both by usage patterns and environmental factors. To accurately model
the non-linear and convex nature of battery capacity degradation, the degradation model should account for
two important factors of battery operation: SoC and DoD. While some studies [29,47] consider only DoD in
their degradation models, the study in [43] introduces the following seminal model by incorporating both SoC
and DoD:

L =ae NPlar 1 (1 —q)e Nax, (1)

Equation (1) is used to estimate the State of Health (SoH), the remaining life of a lithium-ion battery noted
as (L). The L value ranges from 0 to 1, where L value of 1 implies a new battery. In this equation, N represents
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the total number of charge-discharge cycles, and fq 1 represents the degradation of a battery from one regular
cycle of a fixed usage pattern (e.g., between 20-80% SoC). The parameters o and [ are constants. In other
words, equation (1) allows us to estimate how much usable life remains in a battery if we know how many times
it has been cycled and how much damage each cycle causes. For further detail, please see [43]

The above degradation model proposed by Xu et al. [43] is a highly accurate mathematical model validated by
empirical results. However, this model is limited for the use of repetitive battery use with fixed charge-discharge
cycles, such as 20-80% SoC ranges. This fixed usage pattern makes it impractical for real-world scenarios. In
the case of irregular usage patterns, this model requires a full battery operation history as input variables. The
necessity of a full operation history imposes a computational burden, making the optimal scheduling problem
more challenging. Moreover, it violates the Markov assumption required for RL algorithms since decisions cannot
be made using only the current state. This dependency on historical data contradicts the Markovian principle
essential for RL modeling.

To address these limitations, the authors of [30] reformulate it into a Markovian degradation model. This
new approach allows for calculating degradation using only the current information, without the necessity of
the full history. As a result, it is more efficient and particularly suitable for RL frameworks. The details of the
Markovian degradation model are elaborated in Section 4.1.3.

The authors of [3] point out that while the Markovian model is suitable for RL, its iteration process limits its
use in analytical methods. Thus, the study in [3] approximates the Markovian model with a quadratic model.
This model divides battery life into discrete intervals and applies quadratic regression to data generated from
the Markovian model [3]. By employing quadratic regression, the model not only achieves high fidelity but
also provides analytical tractability, making it well-suited for the QP phase. In our QP phase, we adopted the
quadratic degradation model proposed by Choi et al. [3]. For further details about the Markovian model and
quadratic model, please refer to the original studies [3,30].

2.2. Reinforcement learning

RL trains an agent to make sequential decisions within an environment, aiming to maximize cumulative
rewards [37]. The agent learns optimal strategies through a trial-and-error process, continuously interacting
with the environment and adapting based on the feedback received from its actions. This iterative learning
process enhances the agent’s decision-making policy over time, thereby enabling its broad applicability across
various domains [6,24].

RL’s capacity to manage sequential decision-making in uncertain environments makes it especially well-suited
for complex, dynamic systems such as multi-ESS operations. In this context, RL can be leveraged to optimize
multi-ESS operations to minimize both electricity costs and degradation costs. In Section 4, we will explore the
structured framework used to model and solve these optimization problems, demonstrating RL’s effectiveness
in multi-ESS operations.

Various RL algorithms have been developed to address different types of decision-making problems. Among
them, Deep Q-Networks (DQN) [24] are widely used for their simplicity and stability, especially in structured
environments. Proximal Policy Optimization (PPO) [34] is known for achieving stable and reliable performance
in continuous control tasks, while Soft Actor-Critic (SAC) [14] is designed to improve exploration efficiency and
achieve superior performance in complex, high-dimensional spaces. Compared to PPO and SAC, DQN offers a
more straightforward training process and lower computational overhead, making it highly practical for real-
world applications where stability and ease of deployment are prioritized. In this study, we employ DQN because
it enables simple and robust learning, allowing effective policy training across diverse ToU pricing models and
various ESS configurations.

The RL agent must balance exploration and exploitation to effectively learn optimal operational policies.
Exploration involves trying new actions to discover potentially better strategies, while exploitation leverages
the current knowledge to maximize rewards based on the learned policy. In our framework, we adopt an epsilon-
greedy strategy where the agent initially favors exploration and gradually shifts towards exploitation as training
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progresses. This balance is crucial to ensure that the agent does not converge prematurely to suboptimal solutions
and can adaptively optimize both electricity costs and degradation costs over time.

In Section 4, we will explore the structured framework used to model and solve these optimization problems,
demonstrating RL’s effectiveness in multi-ESS operations.

2.3. Quadratic programming

QP is a mathematical method for solving optimization problems with a quadratic objective function or
constraints [11]. It efficiently finds the optimal solution of a quadratic objective function within linear boundaries,
making it ideal for a wide range of applications [26].

In the context of multi-ESS, QP can be employed to optimize multi-ESS operations by minimizing costs
and adhering to system constraints such as capacity limits and operational boundaries. The quadratic nature
of QP’s objective function enables the modeling of non-linear cost structures, including battery degradation.
In the second stage optimization of this study, QP is employed to make allocation decisions that minimize the
total degradation cost across the multi-ESS units.

2.4. Multi-ESS

Optimization of multi-ESS has gained increasing attention due to the growing deployment of distributed
storage resources. Wong et al. [39] proposed a meta-heuristic method for optimal placement and sizing of
battery storage to reduce power losses in distribution networks. While relevant to multi-ESS infrastructure,
their approach focuses on deployment planning rather than operational control and does not consider runtime
battery degradation. Bozorgavari et al. [1] developed a robust planning model for distributed ESS, accounting for
uncertainties in demand and renewable generation. Their model incorporates degradation cost in the objective
function but is built on deterministic optimization and lacks adaptive control or learning-based strategies. Chai
et al. [2] presented a daily scheduling strategy for distributed ESS that explicitly includes battery degradation
modeling using a linearized DoD formulation. Although they address degradation and uncertainty via stochastic
optimization, their method does not employ RL or consider adaptability in highly dynamic environments.

In contrast, our method adopts a two-stage approach that combines RL and QP. The RL agent determines the
charging and discharging amounts by learning from cost patterns, while the QP module allocates the aggregate
energy amounts across heterogeneous ESS units. This architecture provides both adaptability and high precision,
overcoming the limitations of existing deterministic and single-stage methods.

3. PROBLEM DESCRIPTION

This section provides a detailed description of the system environment in our study. In Section 3.1, the
overall structure of the system and its components are explained. Section 3.2 defines the sub-problems involved
in determining the optimal operation strategy across two stages.

3.1. System architecture

Figure 1 represents our system architecture for the multi-ESS operation. This architecture comprises an
electricity supplier, ESS, consumers, and a management system, each playing a unique role and dynamically
interacting to ensure efficient operation. The supplier provides electricity for purchase by both the ESS and
consumers. ESS, in turn, stores electricity during low-price hours and discharges it when electricity prices are
high. This temporal shifting of electricity from low-price hours to high-price hours reduces the total electricity
costs. The cost savings from temporal shifting inevitably lead to ESS usage, which results in battery degrada-
tion costs. The primary objective of this study is to find optimal operation strategies to balance this trade-off.
Consumers can consume electricity from two sources: Supplier and ESS. The management system must deter-
mine how much electricity should be charged or discharged during each time interval. This decision naturally
determines electricity consumption occurring from each source. The goal of this decision-making process is to
minimize the total operational cost, which includes both electricity and degradation costs.
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FIGURE 1. System architecture.

The specific roles of each component can be summarized as follows:

Suppliers: Generate and supply electricity, adjust production to meet demand, and charge consumers for
their power consumption based on the ToU pricing policy.

— ESS: Stores and discharges electricity, with its usage leading to degradation costs.

— Consumers: End-users receiving electricity from ESS and suppliers.

— Management System: Develops optimal strategies by taking into account electricity prices, load forecasts,
and degradation costs.

8.1.1. Electricity price

Electricity prices can fluctuate depending on the provider’s policies. The ToU system is a typical pricing
system, where tariffs are adjusted based on the time of a day. Electricity rates vary significantly by the provider’s
policies and geographic location.

Figure 2 presents the ToU electricity rate in South Korea and the United States. In South Korea, the Korea
Electric Power Corporation (KEPCO) employs a ToU system with three pricing levels for industrial tariffs [20].
In California, USA, the electricity provider implements a two-tiered ToU pricing model [36].

3.1.2. Power demand

We assume that the power demand at the consumer’s facility fluctuates over time, averaging 90 kWh during
working hours (9 am to 6 pm) and 20 kWh during non-working hours. Additionally, we incorporate a 20% uniform
random noise in the hourly demand

3.1.83. Multi-ESS

The multi-ESS system has a total capacity of 600 kWh, valued at approximately 150 000 USD. In our study,
we conduct experiments in seven different cases of multi-ESS configuration, in which the total capacity of unit
ESSs is consistently 600 kWh. In configurations with multiple ESSs, each unit is assigned the same capacity.
When utilizing reused batteries, the capacity is adjusted to account for the reduced SoH to ensure that each
unit provides a usable capacity of 300 kWh. For example, In test Cases 4, 6, 7, and 8, the current capacities of
reused ESS units with varying SoH values are adjusted to maintain a usable capacity of 300 kWh. This approach
ensures a total available capacity of 600 kWh across all configurations.
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FIGURE 2. ToU tariff in US [36] and Korea [20].

3.2. Two-stage problem

Using an ESS allows users to take advantage of ToU rates by storing electricity during off-peak times and
using it during peak times, reducing electricity costs. However, as ESS usage results in gradual degradation,
it is crucial to carefully evaluate this trade-off and establish a battery operation policy that accounts for it.
Moreover, the utilization of multi-ESS introduces additional complexity to degradation calculations. Even when
charging or discharging the same amount of electricity, degradation costs vary depending on the condition of
each battery (e.g., SoC, remaining capacity). Consequently, the optimal charging and discharging strategies
can be different based on the condition of each ESS. Therefore, in an environment utilizing multi-ESS, it is
important to account for these complex degradation characteristics to ensure optimal operation.

Our approach tackles the problem in two stages, as illustrated in Figure 3. Our management system se-
quentially solves the problem in two stages based on battery condition. The first stage determines the overall
charging/discharging amount of the multi-ESS system. The second stage determines each battery’s charg-
ing/discharging amount to minimize total degradation.

We solved this two-stage problem using RL and QP. The RL policy for optimal battery operation proposed
by Park et al. [30] is utilized in the first stage for determining the overall battery charging/discharging capacity.
The QP is employed to find the optimal charging/discharging capacity for each battery in the second stage.
This methodology will be further elucidated in Section 4.
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TABLE 1. Nomenclature.

Notation  Description

n Number of ESS
Tit DoD of ith ESS at time ¢
DoDy Total DoD between time ¢ — 1 and ¢
SoH; + Max capacity of ith ESS at time ¢
SoH; Total max capacity of ESS at time ¢
SoC; + SoC of ith ESS at time ¢
SoCy Total SoC at time ¢
Dy Electricity demand between time ¢ and ¢ + 1
h Hour of a day at time ¢
Ch Electricity unit cost at hour h
P Purchased electricity between time t and ¢ + 1
A Selected action at time ¢
4. METHOD

In this section, we explain the mathematical formulations and problem solvers for the two-stage stage problem.
We first present the charging/discharging policy of RL and the Markov Decision Process (MDP) formulation.
Secondly, we detail the formulation of QP, emphasizing the optimal distribution of charge and discharge amounts

across each battery to minimize degradation costs. For clarity, the notation used in these formulations is defined
in Table 1.

4.1. MDP formulation

An MDP provides an environment for RL to interact and find the optimal policy. It is defined by its states,
rewards, actions, and transitions.
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4.1.1. State

As shown in equation (2), the state information is represented by a vector containing four current state
information: (1) the total maximum capacity of all ESSs, (2) the total charged amount across all ESSs, (3) the
current power demand, and (4) the hour of the day.

St = (SO:[‘Lg7 SOCt, Dt, ht) . (2)

4.1.2. Action
The action refers to the agent’s behavior in determining the charging level of the aggregated ESS.

A €[0,1]. (3)

As shown in equation (3), the action value is between 0 and 1, determining the power purchase amount. An
action value of 0 implies the minimum power purchase, P; = (D; — SoCy)", where (D; — SoCy)T takes only the
positive part of the expression, i.e., max(0, (D; — SoCy)). This action implies that the battery is used first, and
if SoC; is insufficient to meet D;, the deficit amount is purchased from the supplier. In contrast, an action value
of 1 denotes the maximum power purchase scenario expressed as P, = SoH; + D; — SoC;. In this setup, the
battery is fully charged, and any extra electricity required to meet the demand is purchased from the supplier.

4.1.3. Reward

Equation (4) represents the reward determined by the operational cost, which includes both degradation and
electricity expenses. It is negative, as the agent aims to maximize the reward according to standard algorithm
principles.

e = —Cp X Pt — fdcg (SOCt, SOCt+1, SOHt) . (4)

The first term c¢;, X P, represents the cost of purchasing electricity, while the second term fyeq (SoCy, SoCy1, SoH;)
denotes the degradation cost.

The degradation term fgeg(+) is evaluated using a Markovian model [30], which computes the battery life loss
based on the current operational transition. The Markovian model quantifies the amount of battery degradation
based on current SoC (X;), next SoC (X;41), and current SoH (L;). Unlike the previous model [43] that relied
on the Rainflow counting method with full historical data, the Markovian model approach estimates the implied
cycle number N using simple numerical method such as Newton’s method.

Specifically, the Markovian model fqeg(-) calculates battery degradation using the following procedure:

(1) Input: Receives X;, X;41, and Ly.

(2) Estimate N: Using Newton’s method, calculates how many cycles N needs to be repeated to reach the life
L; under the usage pattern (X; and X;;1).

(3) Calculate Liy1: Substitutes N + 1 into equation (1) to compute L;., which shows the battery life after
one additional cycle.

(4) Return: The fyeg(-) returns the degraded amount which is the difference between L;and Ly .

Both purchase and degradation terms are expressed in monetary terms, ensuring that the agent directly
learns to minimize the total economic cost. By defining the reward in this way, the agent can jointly consider
electricity expenses and battery degradation impact, leading to an optimized operational policy that balances
immediate cost savings and long-term asset preservation.

4.1.4. Transition
The transition process governs how the SoC of the ESS changes based on the actions taken by the RL agent.
P, = (Dy —SoC)" + Ay (SoH, + (D; — S0C,)”) (5)

SOCt+1 = SOCt — Dt + Pt (6)
DODt+1 = SOCt+1 — SOCt. (7)
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At each time step, the amount of electricity purchased from the supplier (P;) is determined by the action Ay,
as shown in equation (5). Here, (D; —SoC;)" represents the minimum power amount required to meet demand,
and A;(SoH; + (D; — SoC;) ™) adjusts for additional power purchase depending on action. In equation (6), the
SoC for the next time step, SoCy41, is updated after P; is determined. The difference between D; and P; affects
SoCyt1. If Dy exceeds P;, the battery discharges to meet the demand, while if P, exceeds D,, the battery is
charged. Lastly, the DoD for the next step is calculated as the difference in SoC between consecutive time steps,
as shown in equation (7).

4.2. QP formulation

In the previous subsection, the MDP for the RL agent determines the optimal DoD of the battery. Once the
DoD is determined using equation (7), it must be allocated across multi-ESS units. We employ QP to address
this allocation problem. QP formulation serves as a fundamental mathematical framework in our study for
optimizing distribution of DoD across each multi-ESS. This approach effectively models complex dependencies
within the ESS, contributing to the operational optimization of the multi-ESS system.

4.2.1. Decision variable

The decision variable z;; represents the charging and discharging amounts for the ith ESS at time ¢. Once
the total DoD; is determined from RL, QP finds the optimal x;; values that minimize the aggregated amount
of degradation. For example, if DoD; is 40 kWh, the goal is to optimally allocate the charging and discharging
amounts such that x; ; and x; are each 20 kWh.

4.2.2. Objective function

The objective is to minimize the degradation costs of each ESS. To achieve this, the objective function is
formulated as shown in equation (8), considering the charging/discharging amounts and SoC of each ESS.

min >~ faeg (S0Ci 1, 80C; 141,50 H; ¢ 11) = min Y _ faeg (S0Ci.¢, S0Ci s + i 4, SoH; ¢ 11) . (8)

i=1 i=1

Here, decision variable x; ; represents the charging and discharging amounts of each ESS, SoC;; denotes the
charged amount of the respective ESS, and SoH; ; denotes the capacity of the respective ESS.

4.2.8. Constraints

Our QP formulation includes three constraints. Firstly, as shown in equation (9), the sum of all decision
variables z; ; must equal the total DoD; determined in the first stage.

n
Z Tt = DODt. (9)
=1

Second, constraints are in place to maintain the SoC within defined boundaries as shown in equation (10).
These constraints guarantee that following each charging or discharging event, the SoC at time t + 1 for each
ESS remains non-negative and does not exceed its maximum capacity. This maintains the integrity and safety
of ESS operations.

0< SOCZ‘,t + x4 < SOHZ‘,t. (10)

Lastly, this constraint aimed to ensure consistency in the charging or discharging direction for all decision
variables z; ;. Equations (11), (12) means all x;; values must have the same sign, either non-positive or non-
negative. In these constraints, a binary variable y is used, where y = 1 represents charging and y = 0 represents
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TABLE 2. DQN hyperparameter.

Parameter Value

Batch size 128, 256, 512
Learning rate 5e—4, be—6, 5e—8
Episode 10000

Minimum exploration  0.005
Exploration decay 0.9995

Discount rate 0.98

Boldfaced values are choosen.

discharging. A sufficiently large constant M (set to 10000 in this model) is also employed to enforce these
conditions effectively.

Tip > =M x (1 —yiz) (11)
xi,t S M x yi,t~ (12)

By incorporating these constraints, the model ensures that the decision variables align with the required DoD,
maintain the SoC within safe boundaries, and adhere to a consistent charging or discharging direction.

4.3. Problem solver

Our study utilizes a two-stage approach to solve the optimization problem, with the first stage leveraging an
RL and the second stage using QP. In the RL component, a DQN algorithm was used to learn optimal policies
[24]. We selected the DQN as our RL algorithm because it enables simple and robust learning, allowing effective
policy training across diverse ToU pricing models and various ESS configurations. DQN effectively balances
performance and simplicity, making it appropriate for learning energy management policies.

As Table 2 indicates, we tested several combinations of batch size and learning rate, and used a batch size
of 256 and a learning rate of 5e—8, which provided the best training performance. The number of episodes was
set to 10000, and the exploration decay rate of 0.9995 was chosen to ensure sufficient exploration throughout
the training process. The minimum exploration rate was set to 0.005, and the discount rate was fixed at 0.98.

For the QP problem, the formulation outlined in Section 4.2 was utilized to determine optimal solutions. The
Python library CVXPY [8] was employed to solve the QP problem efficiently.

The experiment was conducted under two different ToU scenarios: the United States (US) and the Republic
of Korea (KR), using a Windows-based computer equipped with an i7-11700K CPU and 32 GB of memory.

5. RESuLT

In this section, we address three key questions related to the effectiveness of our method. First, how the overall
charge and discharge policy for the entire battery system is determined. Second, how much cost reduction is
achieved when these amounts are optimally distributed compared to traditional methods. Finally, how the
charging and discharging amounts are allocated across the ESS units. Our results aim to provide clear answers
to these questions, demonstrating the effectiveness of our two-stage operational strategy.

5.1. Charge/discharge policy

This subsection addresses our first question: how the overall charge/discharge policy for the entire battery
system is determined. We employ a RL approach, specifically the DQN algorithm, to optimize ESS operations
and minimize costs.



150 J. PARK ET AL.

Low Peak Mid Peak Peak

600
500

400

SoC(kw)

200

100

0 3 6 9 12 15 18 21 23
hour of a day

(A) US setting

600
500

400

SoC (kW)

200

100

0 3 6 9 1 15 18 21 23
hour of a day

(B) KR setting

FIGURE 4. SoC transition (average of 10 days).

Figure 4 presents the average SoC profile resulting from the RL agent’s optimization over a 24h period. In
both cases, the RL policy optimizes ESS charging and discharging operations to minimize operational costs. The
common pattern observed is charging during off-peak hours and discharging during peak hours. In the Korean
case, which includes mid-peak hours, some charging activity is observed during these periods, particularly around
noon. A notable strategy in both scenarios is gradually charging approximately 4 h before the peak hour. This
approach balances the need to avoid rapid charging, which can cause DoD stress, and prolonged charging, which
increases SoC stress. By charging about 4h before the peak, the system reduces the impact of degradation on
both DoD and SoC.

5.2. Economic benefits

This subsection addresses our second question: the cost reduction achieved through optimal distribution
compared to traditional methods. We analyze and compare average costs for both the US and Korean settings
using figures and tables.

Table 3 describes the multi-ESS settings for each test case. In our study, various ESS configurations were
evaluated to assess the economic impact under different scenarios. In all cases except for Case 1, where no
battery is used, the total ESS capacity remains 600 kW, but the number of units and their SoH vary. For
example, Case 2 involves a single 600 kW battery with 100% SoH, representing a new battery. In contrast,
Cases 4 and 6 mix new and reused batteries using two or three units. Case 7 represents a scenario where only
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TABLE 3. Case description.

Number of Case

ESS No. Description

0 1 No ESS

1 2 One 600kW ESS with SoH = 100%

9 3 Two 300 kW ESS with SoH =100% respectively
4 Two 300 kW ESS with SoH =100% and 85%
5 Three 200 kW ESS with SoH =100% respectively

3 6 Three 200 kW ESS with SoH =100%, 95% and 85%
7

Three 200 kW ESS with SoH =85% respectively

TABLE 4. Cost analysis (US & KR).

Average cost

Degradation cost

Caseno. o KR(5)  USES) KR
1 9014.17 3020.73 0 0

2 7256.65 1912.18 135.34 242.36
3 7256.65 1912.18 135.34 242.36
4 7170.27 1827.01 48.72 157.24
5 7256.65 1912.18 135.34 242.36
6 7167.16 1815.95 49.56 145.43
7 7133.45 1698.79 15.84 28.27

Boldfaced values are best among the considered cases.
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FIGURE 5. Total cost (average of 10 days).
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reused batteries are used. By comparing these configurations, we aim to understand how variations in battery
health and the number of units impact the overall cost in both the US and Korea ToU settings.

Table 4 provides a summary of the average total cost and the average degradation cost for each test case. This
table highlights the key financial metrics that are critical for evaluating the performance and cost-effectiveness

of the ESS under various scenarios.

Figure 5 illustrates the daily average total cost for each test case. The result shows that reused batteries
offer significant economic advantages over new batteries in both the US and Korean settings. Case 7, which
exclusively utilized reused batteries, demonstrates the lowest average total cost in both the US and Korea
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FIGURE 6. Degradation cost (average of 10 days).

scenarios. Specifically, in the US scenario, Case 7 shows a 20.9% cost reduction compared to case 1 (no battery)
and a 1.7% cost reduction compared to Case 2 (new battery only). Similarly, in the Korea scenario, Case 7
achieves a 43.8% cost reduction compared to Case 1 and an 11.2% reduction compared to Case 2. These results
show the significant cost savings associated with using reused batteries in ESS operations. This suggests that
the condition of batteries plays a crucial role in the economic efficiency of ESS systems.

Figure 6 illustrates the daily average degradation cost for each test case in both the US and Korea. Consistent
with our previous findings on total costs, the results for degradation costs also demonstrate that using reused
batteries offers significant economic advantages over new batteries. Case 7, which exclusively utilizes reused
batteries, demonstrates the lowest degradation cost in both countries. In the US, Case 7 shows an average cost
of $15.84, representing an 88.3% reduction compared to Case 2 (new batteries only). Similarly, in Korea, Case 7
exhibits an average cost of $28.27, similarly reducing 88.5% compared to Case 2.

Cases 4 and 6, which incorporate reused batteries, also show lower degradation costs compared to Case 2.
These findings underscore the economic benefits of utilizing reused batteries in ESS operations, demonstrating
the importance of battery conditions in optimizing operational costs.

5.3. Charge/discharge distribution

This subsection addresses our third question: How are the charge and discharge amounts distributed across
the ESS units? We analyze the optimal distribution strategies for different battery configurations.

Figure 7 illustrates the distribution of charge and discharge amounts for Cases 4, 6 and 7, separately for
the US and Korea settings. Case 4 and 6 represent a heterogeneous battery configuration with various types
of ESS, while Case 7 shows an identical ESS setup. In Case 7, where all ESS units have the same SoH, the
charge and discharge amounts are allocated equally. However, the distribution strategy becomes more intricate
in Cases 4 and 6.

Figures 7a and 7b illustrate the charge and discharge distribution for Case 4, and Figures 7c and 7d illustrate
the distribution for Case 6. In these figures, the green line represents an SoH of 85%, the red line represents
an SoH of 95%, and the blue line represents an SoH of 100%. In Case 4, it is observed that the battery with
85% SoH is utilized before the battery with 100% SoH, demonstrating a strategy that prioritizes the use of
batteries with lower SoH first. Similarly, Case 6 further emphasizes the initial use of lower SoH. The battery
with 85% SoH is used first, followed by the utilization of batteries with 95% and 100% SoH. The operation of the
100% SoH ESS appears higher around 9 am and 5 pm because the 85% and 95% ESS units were already fully
charged or discharged, necessitating the use of the remaining ESS. This approach prioritizes the use of batteries
with lower SoH, helping to reduce overall degradation costs. Since battery degradation follows an exponential
decay pattern, with significant capacity loss occurring in the early stages and gradually transitioning to a linear
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FIGURE 7. Charge/discharge distribution for Cases 6 and 7.

pattern, minimizing the use of high SoH batteries effectively reduces the impact of rapid capacity declines. This
strategy helps to minimize the degradation of the ESS

Figures 7e and 7f show a homogeneous ESS environment where the three battery SoH configurations are
identical. In this scenario, each battery exhibits the same degradation properties, resulting in a simple policy
with an even distribution of charge/discharge amounts.

6. CONCLUSION

This research presents the economic advantages of integrating reused batteries into ESS, highlighting a
reduction in degradation costs and improved efficiency. Our methodology optimizes degradation expenses for
batteries in different conditions, underlining the practical and sustainable application of reused batteries in ESS.
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While our primary focus is on economic and operational performance, the reuse of batteries may also provide
incidental environmental benefits such as reduced waste and extended battery lifespan.

This study adopts several simplified assumptions for demonstration purposes, such as uniform power-demand
profiles and a fixed battery price. These choices highlight the core mechanisms of our framework but do not
inherently restrict its scope, because both the RL agent and the QP module can be retrained or re-parameterized
for more complex operating conditions. To validate robustness, we ran extensive experiments across multiple
ESS portfolios with differing SoH levels and under two structurally distinct ToU tariffs: the U.S. two-tier (peak
/ off-peak) schedule that typifies most international practice, and Korea’s three-level schedule with a mid-peak
period. The framework maintained stable and effective operation in both cases, and seasonal variants produced
no qualitative change in outcomes. Together, these results confirm the practical applicability and generalizability
of the proposed method to dynamic, real-world ESS environments.

Future research can be extended in several directions: (1) Developing more realistic pricing models for reused
batteries, considering not only their capacity but also qualitative factors such as risk and durability, which
may further enhance economic appeal. (2) Leveraging the proposed QP model, future studies could offer rec-
ommendations on optimal battery configurations, including capacity and quantity. (3) Determining the price
threshold for battery installation to ensure the financial viability for users seeking to invest in ESS. (4) Propos-
ing more realistic multi-ESS operation strategies by utilizing real operational data and allowing heterogeneous
charging/discharging directions to reflect a more practical settings.
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