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 A B S T R A C T

The rapid growth of electric vehicles creates significant opportunities for stationary energy storage through 
second-life battery utilization. This paper proposes a multi-timescale electricity cost optimization framework for 
second-life battery energy storage systems (SLBESS) in commercial buildings and validates it on a real deployed 
system. To address the complex challenge of commercial tariffs that include both energy and demand charges, 
our approach decomposes the problem by timescale. An upper layer uses hourly model predictive control 
(MPC) with a rolling horizon for long-term energy arbitrage, while a lower layer employs real-time control to 
mitigate short-term power peaks. Critically, the framework integrates empirically validated, health-preserving 
constraints for second-life batteries, including a restricted 15%–85% state-of-charge window and a 0.25 C-rate 
current limit, directly linking battery longevity to economic optimization. Comprehensive validation using 12 
months of real-world operational data from a deployed SLBESS demonstrates a 28.6% electricity cost reduction 
compared to no-storage operation, outperforming baseline rule-based and Lyapunov optimization methods by 
6% and 16.1%, respectively. The framework ensures sub-500 ms computation times, achieves a modest annual 
battery degradation rate of 1.20%, and delivers a 5.0-year payback period, highlighting its practical viability 
and performance in real-world commercial applications.
1. Introduction

The rapid adoption of electric vehicles (EVs) is creating new op-
portunities for stationary energy storage through second-life battery 
utilization [1]. When EV batteries reach 70%–80% of their original 
capacity, they remain viable for less demanding stationary energy 
storage applications, offering significant cost advantages over new 
battery systems [2]. For commercial buildings with photovoltaic (PV) 
generation, second-life battery energy storage systems (SLBESS) present 
an attractive solution for electricity cost reduction through strategic 
energy management.

In many regions, commercial electricity pricing is based on time-
of-use (TOU) tariffs that include both energy and demand charges. 
Energy charges are calculated based on total electricity consumption 
during a certain period of time during a day, while demand charges are 
based on peak power draw during the billing cycle. This dual pricing 
structure creates complex optimization problems that span different 
timescales: energy charges require long-term planning, while demand 
charges are sensitive to short-term peaks. Designing a control strategy 
that addresses both objectives efficiently is a major challenge.

Significant research efforts have been devoted to energy storage 
optimization considering both energy and demand charges. Traditional 
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control approaches have relied on rule-based methods that implement 
simple heuristics such as charging during off-peak hours and discharg-
ing during peak periods [3]. While straightforward to implement, these 
methods lack optimality guarantees and fail to adapt to dynamic pricing 
and load conditions. Lyapunov optimization provides theoretical sta-
bility guarantees for online energy management [4], but the critical 
trade-off parameter between battery preservation and instantaneous 
cost is difficult to tune in practice, often yielding conservative perfor-
mance. Dynamic programming (DP) approaches [5] can handle demand 
charge optimization but suffer from computational complexity. Data-
driven approaches like deep reinforcement learning (DRL) [6,7] do 
not rely on a priori information but these methods require extensive 
training data and lack interpretability, making them challenging for 
practical deployment.

Model predictive control (MPC) is widely used in energy systems 
because it handles constraints and forecasts naturally [8–10]. However, 
applying MPC to energy and demand charge optimization presents 
significant computational challenges. Centralized approaches that si-
multaneously optimize both energy and demand charges result in pro-
hibitively large optimization problems. Hasan et al. [11] demonstrated 
that day-ahead optimization with 15-minute resolution for demand 
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Table 1
Advanced techniques of BESS cost optimization.
 Reference Method Achievements Limitations  
 [16] Multi-agent RL 14.68% cost reduction vs. no BESS; 3.56% more 

savings than DRL baselines
Training complexity and hyper-parameter 
sensitivity

 

 [17] Hierarchical multi-agent RL 29.5% total cost reduction vs. baseline; balances 
cost and comfort

Validated on residential scale only  

 [18] Dynamic programming 62 s computation time; 33.6–94.8% operational 
cost savings across scenarios

Savings highly scenario-dependent; requires 
accurate forecasts and degradation model

 

 [19] Deep learning + optimization Day-ahead scheduling with demand charge 
consideration; reduces daily electricity cost in 
realistic case studies

Residential focus; performance hinges on forecast 
accuracy

 

 [20] Genetic algorithm + rule-based Energy consumption decreases 19%–21%, peak 
demand decreases 33%–50%;

Focuses on peak shaving more than full bill 
minimization; depends on prediction quality

 

charge management generates 96 time steps, with the number of de-
cision variables growing rapidly, making the problem computationally 
intensive for real-time implementation. Furthermore, day-ahead pre-
diction of load and solar generation at 15-minute resolution is prone 
to significant forecast errors due to high uncertainty at fine temporal 
resolutions. Multi-timescale control strategies have been explored in 
microgrids and thermal systems [12–14], and some have been applied 
to BESS at the distribution level [15]. However, their use in commer-
cial buildings with both energy charge and demand charge objectives 
remains largely unexplored.

Table  1 summarizes recent advanced techniques for battery energy 
storage system (BESS) optimization, highlighting diverse approaches 
with varying strengths and limitations. While these approaches demon-
strate notable cost savings and peak demand reductions, two critical 
gaps remain. First, joint optimization of energy and demand charges 
often results in computationally intensive formulations that are un-
suitable for real-time implementation. Although reinforcement learning 
(RL) frameworks help mitigate this complexity, they introduce new 
challenges, including long training periods, high data requirements, 
and limited interpretability. Second, most existing studies are validated 
solely through simulation, with limited evidence from real-world de-
ployments under commercial tariff structures. These limitations under-
score the need for a framework that is both computationally tractable 
and empirically validated.

This paper addresses these gaps by proposing a hierarchical multi-
timescale control framework for SLBESS in commercial buildings. The 
key contributions are:

(1) A tailored temporal decomposition for commercial tariffs: The 
framework explicitly decouples the optimization of cumulative 
energy charges (managed by an hourly MPC) from the mitiga-
tion of non-convex demand charges based on 15-minute peaks 
(managed by a real-time greedy algorithm). This provides a com-
putationally efficient solution to a problem where centralized 
approaches are often intractable.

(2) Validation with real-world deployment: The proposed method 
is validated on a real SLBESS, demonstrating its practical per-
formance and robustness under realistic conditions of forecast 
uncertainty and system constraints.

The proposed framework is validated using 12 months of opera-
tional data. The results demonstrate a 28.6% cost reduction, 1.20% 
annual battery degradation, and a 5-year payback period, supporting 
its practical value for commercial applications.

The remainder of this paper is organized as follows: Section 2 
presents the system model and problem formulation, Section 3 de-
scribes the hierarchical control framework, Section 4 presents exper-
imental results, and Section 5 concludes the paper.
2 
Fig. 1. System architecture diagram.

2. System model and problem formulation

This section establishes the mathematical foundation for the multi-
timescale electricity cost optimization problem, encompassing the com-
mercial building microgrid architecture and energy flows, the dual-
component electricity pricing structure, and the system dynamics and 
operational constraints of second-life battery energy storage systems. 
The complete optimization problem is then formulated, highlighting 
the computational challenges that motivate the hierarchical decompo-
sition approach developed in Section 3.

2.1. System description

Fig.  1 illustrates the system architecture of a typical commercial 
building with SLBESS integration. The microgrid includes a point of 
common coupling (PCC) to the utility grid, a photovoltaic (PV) system, 
the SLBESS, and aggregate building loads. The battery system oper-
ates in grid-tied mode. The energy flows in the system follow these 
directions: bidirectional power exchange between the building and 
utility grid, bidirectional charging/discharging of the SLBESS, and the 
unidirectional PV generation to the building, grid, or battery storage.

2.2. Electricity cost structure

Commercial electricity pricing in many regions, including Califor-
nia, follows a TOU structure consisting of energy charges and demand 
charges. This dual-component pricing creates distinct optimization ob-
jectives that operate at different timescales.
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The energy charge is based on total electricity consumption and 
varies by time period: 

𝐽𝐸 = 𝛥𝑡
𝑇−1
∑

𝑡=0

[

𝑐imp(𝑡)max(𝑃grid(𝑡), 0) + 𝑐exp(𝑡)min(𝑃grid(𝑡), 0)
]

(1)

where 𝛥𝑡 is the time interval, 𝑇  is the total number of time steps in each 
billing cycle, 𝑃grid(𝑡) is net grid power (positive for import, negative for 
export), 𝑐imp(𝑡) is the import electricity price ($/kWh), and 𝑐exp(𝑡) is the 
export price ($/kWh). The formulation ensures that energy charges are 
calculated separately for import and export, accounting for different 
pricing structures.

The demand charge is based on the peak 15-minute average power 
import during the entire billing cycle: 
𝐽𝐷 = 𝑐𝑑 (𝑡∗) ⋅max

𝑡∈
𝑃imp(𝑡) (2)

where 𝑐𝑑 (𝑡∗) is the demand charge rate ($/kW) corresponding to time 
𝑡∗ when peak grid import occurs,   represents all 15-minute time 
windows within the billing period, and 𝑃imp(𝑡) = max(𝑃grid(𝑡), 0) is the 
grid import power averaged over 15-minute windows. This formulation 
captures the time-dependent nature of demand charges, which often 
vary between on-peak and off-peak periods. The TOU rates for energy 
charge and demand charge used in this paper are given in Section 4.1.

The total electricity cost combines both components: 
𝐽total = 𝐽𝐸 + 𝐽𝐷 (3)

The key insight for the multi-timescale approach is that energy 
charges accumulate over hours and benefit from long-term optimization 
based on TOU pricing patterns, while demand charges depend on 
instantaneous power peaks and require fast response capability to avoid 
peak coincidence.

2.3. System dynamics and constraints

This paper considers discrete-time modeling of the system. The 
power balance at the PCC follows: 
𝑃grid(𝑡) = 𝑃load(𝑡) − 𝑃PV(𝑡) + 𝑃bat(𝑡) (4)

where 𝑃load(𝑡), 𝑃PV(𝑡), and 𝑃bat(𝑡) represent building load, PV gen-
eration, and net battery power (positive for charging, negative for 
discharging), respectively.

To facilitate linear optimization and explicitly handle battery effi-
ciency and operational constraints, the battery power 𝑃bat(𝑡) is decom-
posed into two non-negative variables: the charging power 𝑃cha(𝑡) and 
discharging power 𝑃dis(𝑡). This leads to the formulation: 
𝑃bat(𝑡) = 𝑃cha(𝑡) − 𝑃dis(𝑡) (5)

where at each time step, at most one of 𝑃cha(𝑡) and 𝑃dis(𝑡) is nonzero. 
Alternatively, in numerical implementations, this condition can be 
relaxed using binary variables in post-processing.

The battery state of charge (SOC) evolution follows: 

𝑆𝑂𝐶(𝑡 + 1) = 𝑆𝑂𝐶(𝑡) +
𝜂cha𝑃cha(𝑡) − 𝑃dis(𝑡)∕𝜂dis

𝐸max
⋅ 𝛥𝑡 (6)

where 𝜂cha and 𝜂dis are charging and discharging efficiencies, 𝐸max is 
the full battery capacity.

The battery operates under conservative constraints that preserve 
longevity for second-life applications:

0 ≤ 𝑃cha(𝑡) ≤ 𝑃max
bat,cha (7)

0 ≤ 𝑃dis(𝑡) ≤ 𝑃max
bat,dis (8)

𝑆𝑂𝐶min ≤ 𝑆𝑂𝐶(𝑡) ≤ 𝑆𝑂𝐶max (9)

where 𝑃max
bat,cha and 𝑃max

bat,dis are the maximum battery charging and 
discharging power ratings. For second-life batteries, conservative SOC 
limits are employed: 𝑆𝑂𝐶 = 15% and 𝑆𝑂𝐶 = 85%, which 
min max

3 
helps maintain capacity and extend operational life while avoiding 
deep cycling that accelerates degradation [21]. This approach is also 
supported by the lifespan study of first-generation Nissan Leaf packs in 
SLBESS applications [22].

Additionally, the system respects grid connection limits: 

|𝑃grid(𝑡)| ≤ 𝑃max
grid (10)

where 𝑃max
grid  is the maximum allowed grid power exchange capacity.

2.4. Optimization problem formulation

The complete optimization problem seeks to minimize total electric-
ity cost over a billing cycle: 

min
{𝑃bat(𝑡)}𝑇−1𝑡=0

𝐽total = 𝐽𝐸 + 𝐽𝐷 (11)

subject to constraints (4)–(10).
The coupling between energy and demand objectives across dif-

ferent timescales requires fine temporal resolution for demand man-
agement while maintaining long-term planning for energy arbitrage, 
creating computational complexity that grows with the time hori-
zon. Besides, the stochastic nature of load and PV generation ne-
cessitates robust optimization strategies that can handle forecast un-
certainties. Therefore, this formulation motivates the decomposition 
into computationally tractable sub-problems through a multi-timescale 
framework.

3. Multi-timescale framework

This section presents the proposed hierarchical energy management 
architecture that decomposes the complex electricity cost optimization 
into coordinated upper and lower control loops operating at different 
timescales.

3.1. Framework architecture

The multi-timescale framework, illustrated in Fig.  2, consists of two 
hierarchical control layers that exploit the natural temporal separation 
in commercial electricity pricing:

(1) Upper layer: optimizes energy arbitrage over a 24-hour rolling 
horizon with hourly resolution, focusing on minimizing energy 
charges through strategic charge/discharge scheduling based on 
TOU pricing.

(2) Lower layer: tracks upper-layer energy references while manag-
ing demand charges through real-time power flow control with 
minute-level resolution to avoid demand charge penalties.

The key advantage of this decomposition is the dramatic reduction 
in computational complexity while maintaining near-optimal perfor-
mance. Instead of solving a single large optimization problem with 96 
time steps for 24-hour optimization at 15-minute resolution, the frame-
work solves a 24-time-step hourly problem and implements simple 
minute-level control rules.

3.2. Upper layer: Hourly energy arbitrage MPC

The upper layer optimizes energy charges by solving a 24-hour 
rolling horizon MPC problem updated every hour. This layer exploits 
TOU pricing differentials to maximize economic benefits through strate-
gic energy arbitrage. Hourly prediction of load and solar generation is 
more computationally feasible compared to fine temporal resolutions.
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Fig. 2. Multi-timescale energy management architecture.
3.2.1. MILP problem formulation
To ensure computational tractability and global optimality, the 

energy charge optimization is formulated as a mixed-integer linear 
programming (MILP) problem. MILP is well-established for energy 
system optimization. The energy charge is reformulated with separate 
variables for grid import power 𝑃 ℎ

imp and grid export power 𝑃 ℎ
exp to 

eliminate nonlinear max/min operations [23]: 

𝐽𝐸 =
𝑘+23
∑

ℎ=𝑘

[

𝑐imp(ℎ)𝑃 ℎ
imp − 𝑐exp(ℎ)𝑃 ℎ

exp

]

⋅ 𝛥ℎ (12)

where the superscript ℎ in this subsection denotes hourly-scale vari-
ables, and 𝛥ℎ = 1.

Complementary constraints using binary variables enforce mutually 
exclusive import/export operations, which is essential for accurate cost 
calculation under different import and export pricing [15]:
0 ≤ 𝑃 ℎ

imp ≤ 𝑔ℎ ⋅ 𝑃max
grid (13)

0 ≤ 𝑃 ℎ
exp ≤ (1 − 𝑔ℎ) ⋅ 𝑃max

grid (14)

where 𝑔ℎ ∈ {0, 1} is the binary variable (1 for import, 0 for export).
Similarly, battery charging and discharging should be mutually 

exclusive to avoid simultaneous charging and discharging:
0 ≤ 𝑃 ℎ

cha ≤ 𝑧ℎ ⋅ 𝑃max
bat,cha (15)

0 ≤ 𝑃 ℎ
dis ≤ (1 − 𝑧ℎ) ⋅ 𝑃max

bat,dis (16)

where 𝑧ℎ ∈ {0, 1} is the binary variable (1 for charging, 0 for discharg-
ing).

The complete MILP formulation includes the following constraints:
𝑃 ℎ
imp − 𝑃 ℎ

exp = 𝑃 ℎ
load − 𝑃 ℎ

PV + 𝑃 ℎ
cha − 𝑃 ℎ

dis (17)

𝑆𝑂𝐶ℎ+1 = 𝑆𝑂𝐶ℎ +
𝜂cha𝑃 ℎ

cha − 𝑃 ℎ
dis∕𝜂dis

𝐸max
⋅ 𝛥ℎ (18)

𝑆𝑂𝐶min ≤ 𝑆𝑂𝐶ℎ ≤ 𝑆𝑂𝐶max (19)

𝑆𝑂𝐶𝑘 = 𝑆𝑂𝐶current (20)

where 𝑆𝑂𝐶current is the actual battery state at the beginning of hour 𝑘, 
updated from the lower layer’s real-time operation.

At each hour 𝑘, the upper layer solves the following optimization 
problem: 

min
𝑃ℎcha ,𝑃

ℎ
dis ,𝑃

ℎ
imp ,𝑃

ℎ
exp ,

𝑘+23
∑

ℎ=𝑘

[

𝑐imp(ℎ)𝑃 ℎ
imp − 𝑐exp(ℎ)𝑃 ℎ

exp

]

⋅ 𝛥ℎ (21)
𝑧ℎ,𝑔ℎ

4 
subject to constraints (13) to (20) over prediction horizon ℎ ∈ [𝑘, 𝑘+23], 
corresponding to 24 hourly steps starting from hour 𝑘.

This MILP formulation of upper layer generates optimal hourly 
battery power references 𝑃 ℎ,∗

bat = 𝑃 ℎ,∗
cha − 𝑃 ℎ,∗

dis  for cost-optimal energy 
arbitrage.

3.2.2. Forecasting model
This paper employs eXtreme Gradient Boosting (XGBoost) regres-

sion models for load and PV prediction due to their superior perfor-
mance in handling nonlinear patterns and temporal dependencies in 
energy systems [24,25]. XGBoost has demonstrated excellent perfor-
mance in energy forecasting applications, particularly for capturing 
complex relationships between meteorological variables and energy 
consumption patterns.

The forecasting models use comprehensive feature sets derived from 
available data: historical data including load and PV values from past 
48 h to capture daily and weekly patterns, temporal features such as the 
hour of day, day of week, month, and season to account for systematic 
variations, and binary indicators including weekend/weekday flags and 
holiday indicators to capture behavioral differences.

3.3. Lower layer: Real-time demand management

The lower layer operates every minute to track upper-layer ref-
erences while managing demand charges through a computationally 
efficient greedy algorithm. Greedy algorithms are well-suited for real-
time energy storage management when the optimization horizon is 
short and immediate response is critical [26]. The algorithm focuses 
on minimizing grid power import during 15-minute demand charge 
windows while maintaining coordination with the upper layer’s energy 
arbitrage objectives.

The demand charge structure in Eq.  (2) implies that the opti-
mization objective is to minimize the maximum power import across 
all 15-minute windows in the billing cycle. Since demand charges 
are determined by peak power rather than cumulative energy, the 
optimization can be approached greedily by avoiding power peaks 
whenever possible, subject to battery and SOC constraints.

At each minute 𝑚 within hour 𝑘, the lower layer determines battery 
power using the following decision rule: 

𝑃 𝑘,𝑚
bat =

{

𝑃 𝑘,∗
bat , if 𝑃 𝑘,𝑚∗

grid ≤ 𝑃threshold
min(𝑃 𝑘,∗

bat − (𝑃 𝑘,𝑚∗
grid − 𝑃threshold), 𝑃max

bat ), if 𝑃 𝑘,𝑚∗
grid > 𝑃threshold

(22)
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Fig. 3. Flowchart of lower layer greedy algorithm.
where 𝑃 𝑘,𝑚∗
grid = 𝑃 𝑘,𝑚

load − 𝑃 𝑘,𝑚
PV + 𝑃 𝑘,∗

bat  is the predicted net grid power with 
the upper layer reference, and 𝑃threshold is the demand limit threshold. 
The complete lower layer algorithm is presented in Fig.  3. As shown, 
the algorithm evaluates whether the predicted grid power exceeds the 
demand threshold. If so, it applies peak shaving override per Eq. (22); 
otherwise, it tracks the upper-layer reference.

The threshold 𝑃threshold is a critical parameter that balances immedi-
ate demand charge avoidance with long-term energy arbitrage benefits. 
A lower threshold provides more aggressive demand management but 
may compromise energy arbitrage by frequently overriding upper layer 
references. A higher threshold preserves energy arbitrage strategies but 
may miss opportunities for demand charge reduction. The threshold 
selection and its impact on system performance will be analyzed in the 
experimental results section.

3.4. Implementation algorithm

The coordination between upper and lower layers ensures system-
wide performance through reference passing (upper layer provides 
hourly battery power references), state feedback (actual SOC from 
lower layer updates upper layer initialization), priority management 
(lower layer prioritizes demand management when grid power exceeds 
threshold), and constraint consistency (both layers enforce identical 
battery and SOC constraints). The complete implementation procedure 
of the proposed method is summarized in Algorithm 1 (see Appendix). 
The hierarchical loop forms a feedback control system: the actual 
battery SOC is continuously updated to the upper layer, ensuring 
consistency between planned and executed trajectories.

3.5. Remarks

The proposed hierarchical control framework balances optimality 
and computational efficiency through a natural temporal decomposi-
tion. The upper layer MILP formulation guarantees optimality within 
each 24-hour prediction horizon under perfect forecasts due to its linear 
objective and convex constraints. The lower-layer greedy algorithm 
executes minute-level demand management by overriding upper-layer 
references only when grid import exceeds a predefined threshold. Al-
though this strategy may occasionally cause deviation from the upper-
layer plan, it ensures compliance with demand charge objectives while 
respecting battery constraints. The lower layer greedy algorithm is 
computationally efficient since only algebraic threshold checks and 
saturation logic are involved. While the coordination between layers in-
troduces some sub-optimality compared to centralized approaches, this 
trade-off enables computational tractability while maintaining reason-
able performance, justified by the natural temporal separation between 
cumulative energy charges and instantaneous demand charges.
5 
4. Experimental results and analysis

This section presents comprehensive validation of the proposed 
multi-timescale framework using real operational data from a deployed 
SLBESS system. The validation approach combines numerical simu-
lation with field data to ensure both accuracy and comprehensive 
comparison.

The performance comparison of the three control strategies (rule-
based, Lyapunov optimization, and the proposed method) is conducted 
through numerical simulation using real load and PV generation data 
from an operational SLBESS deployment. This simulation-based ap-
proach is necessary because implementing multiple control strategies 
simultaneously on the same physical system for comparison is im-
practical and potentially unsafe. To ensure simulation accuracy, we 
validate the proposed method by comparing its simulation results with 
actual field operation data, demonstrating excellent agreement between 
simulated and real performance.

4.1. Experimental setup

Fig.  4 demonstrates the second-life battery system used in this paper 
for validation. It is deployed at a warehouse at 7835 Trade Street, San 
Diego, CA, which is a surplus management facility operating Monday–
Friday, 10:00 AM–5:00 PM. The load factor of this building is 0.33 and 
the capacity of the PV system is 200 kW.

The experimental platform integrates six retired EV battery packs 
with commercial power conversion equipment and custom control 
systems. The system architecture follows a hierarchical design where 
battery packs connect to a common DC bus via bidirectional DC–DC 
converters, while a three-phase inverter links the DC bus to the PCC. 
One battery pack is directly connected to the DC bus, serving as a 
buffer. This configuration primarily stabilizes the DC-link voltage and 
mitigates in-rush currents and voltage spikes during converter and 
inverter switching, thereby improving system reliability. This design 
was adopted after initial deployment revealed that the commercial DC–
DC converters in this project were particularly vulnerable to damage 
from these transients. The directly connected battery pack provides a 
robust, passive solution to protect this critical hardware. In this setup, 
the buffer pack operates as a passive element on the DC bus, while 
the remaining packs are actively controlled. The charge and discharge 
currents are controlled by the DC–DC converters, and the inverter 
works in the DC bus supply mode. This configuration results in distinct 
operational profiles, causing uneven aging across the battery packs. The 
buffer pack undergoes frequent, shallow cycles from system transients, 
while the controlled packs perform deeper, scheduled cycles for energy 
arbitrage and peak shaving. The annual degradation rate reported in 
this paper applies only to the actively cycled packs; the buffer pack, 
monitored separately, is excluded from this analysis. The descriptions 
of major system components are summarized in Table  2.
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Fig. 4. Schematic diagram of test site. (a) SLBESS hardware connection diagram. (b) EMS function diagram.
The proposed control strategy is integrated into the energy manage-
ment software (EMS) as shown in Fig.  4(b) for this battery system. The 
EMS software is developed in C++/Qt framework and operates on a 
dedicated industrial computer. The system architecture comprises three 
layers: (1) Hardware Abstraction Layer (HAL) interfacing with SLBESS 
components via Modbus and CAN protocols; (2) Core EMS Layer im-
plementing the optimization algorithms and state machine control, 
(3) Application Layer providing graphical user interface for real-time 
monitoring, parameter adjustment, and data management supporting 
both local storage and cloud connectivity for remote access and ana-
lytics. The EMS executes the proposed hierarchical control framework 
with 1-minute data acquisition, hourly MPC optimization, and real-
time demand management while logging all operational parameters for 
performance validation.

The TOU energy charge rate and feed-in tariff used in this paper 
are displayed in Fig.  5. The demand charge rates are: 33.08 $/kW for 
off-peak hours in summer and winter, 84.51 $/kW for summer on-peak 
hours, and 71.40 $/kW for winter on-peak hours.

The XGBoost forecast model was trained on historical operational 
data from May 2022 to May 2024. Minute-level measurements were 
aggregated into hourly data matching the upper-layer MPC timescale 
requirements. Table  3 shows the forecast accuracy of the XGBoost 
model used in this paper. The forecasting model’s accuracy is mod-
erate. Load forecasts demonstrate superior accuracy because building 
demand follows recurring schedules and calendar effects. In contrast, 
PV forecasts are less accurate in this study because of the absence of 
exogenous weather inputs (e.g., irradiance, cloud cover, temperature); 
under rapidly changing weather conditions, these missing features 
6 
drive most of the error. Integration of weather variables would be 
expected to reduce PV forecast error.

The proposed control method is compared with two baseline control 
strategies: rule-based control and Lyapunov optimization. The Lya-
punov baseline follows the Ref. [4] with its trade-off parameter tuned 
to the best-performing value over the study dataset under the same SOC 
and power constraints. The data spans from May 2024 to May 2025 (12 
months) with 1-minute resolution.

4.2. Simulation validation with experimental data

To ensure the reliability of simulation results, we conducted a vali-
dation study comparing the proposed method’s simulation results with 
actual field operation data. The proposed algorithm was implemented 
on the real SLBESS system for a one-month period, and the operational 
results were compared with simulation using identical load, PV, and 
pricing data.

Fig.  6 shows daily operation profiles comparing simulation and 
field data for a representative week. The validation demonstrates good 
agreement between simulation and field operation.

Table  4 presents the comparison between simulation and field op-
eration. Statistical correlation analysis in Table  5 further confirms 
simulation accuracy with high correlation coefficients and low error 
metrics. Notably, the SOC trajectories show a higher correlation than 
instantaneous battery power, due to the cumulative and smoother na-
ture of SOC dynamics. The small discrepancies observed are primarily 
due to unmodeled system dynamics, communication latencies, and 
measurement noise. The validation here provides confidence in the 
following comparative analysis results.
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Table 2
System major components.
 Category Model Specifications/Function  
 Second-life EV battery packs Nissan Leaf Gen 3 ∙ 56 kWh/152 Ah per pack (90% SOHa) 

∙ 15%–85% SOC operating range 
∙ 98.5% round-trip energy efficiency 
∙ Max. 0.25 C current per pack

 

 BMS gateways Custom-designed BMS interface ∙ Access to onboard BMS data 
∙ High-resolution sensing 
∙ State estimation 
∙ Relay control 
∙ Protection

 

 Battery high voltage box Custom interface units ∙ 50 A DC fuses for overcurrent protection 
∙ Shunt resistors for pack current measurement 
∙ Voltage terminals for voltage sensing

 

 EMI filter Custom-designed ∙ Electromagnetic interference mitigation  
 DC–DC converters Alencon BOSS-1000 ∙ 200–1000 V voltage range 

∙ Max. 19.2 kW per channel 
∙ 98.5% peak efficiency 
∙ Bidirectional power flow control for 
individual battery packs with galvanic isolation

 

 Inverters LS Energy Solutions PowerBRiC Gen2 ∙ 56 kW AC 
∙ 208 V/60 Hz 3-phase AC output 
∙ 380 V DC bus 
∙ Unity power factor mode

 

 Low voltage control box Custom control module ∙ 12 V/24 V regulated supplies 
∙ CAN/Modbus routing 
∙ Relay control logic

 

 Central control computer Desktop workstation Real-time system control running EMS software 
a State of health (SOH) is defined as the ratio of measured usable capacity to the nominal capacity of the new pack. Capacity 
was tested through a standardized 0.2C (25 ◦C) constant current discharge testing.
Fig. 5. TOU energy charge rate. (a) Buy price. (b) Sell price heatmap. 
(Summer: June to September. Winter: October to May).

The field validation reported herein covers a one-month window. 
While it shows good agreement between simulation and field operation 
for these periods, building load and PV generation can exhibit seasonal 
variability. Future work will extend field validation to cover complete 
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Table 3
XGBoost forecasting performance metrics.
 Variable RMSE (kW) MAE (kW) R2  
 Load 7.2 4.8 0.91 
 PV Generation 19.3 9.2 0.92 

Table 4
Simulation vs. field operation validation.
 Metric Field data Simulation Error (%) 
 Grid Import Energy (kWh) 9162 9603 4.80  
 Grid Export Energy (kWh) 8492 8020 5.56  
 Grid Peak Power (kW) 97.1 94.9 2.29  
 Battery Energy Throughput (kWh/day) 820 821 0.12  
 Average SOC (%) 55.86 56.95 0.15  
 Total Cost ($) 5855 6088 3.98  

Table 5
Statistical correlation analysis between simulation and field data.
 Variable Correlation (R2) RMSE MAE  
 Battery Power 0.92 11.9 kW 7.6 kW 
 SOC Trajectory 0.97 4.6% 3.4%  

annual cycles to capture long-term seasonal variations and battery 
aging effects.

4.3. Economic performance comparison

Table  6 summarizes the annual cost breakdown and savings for 
each control strategy. The proposed method achieves 28.6% cost re-
duction, significantly outperforming Lyapunov optimization (12.5%) 
and exceeding rule-based control (22.6%). The performance gap with 
perfect foresight is only 2.5%. The proposed multi-timescale MPC can 
effectively manage both energy and demand charges, achieving the 
highest cost reduction among practical algorithms.
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Fig. 6. Simulation and filed data comparison. (a) PV and load profiles. (b) Battery power. (d) SOC trajectories.
Table 6
Economic performance comparison.
 Method Total cost Energy Demand Savings 
 ($) charge ($) charge ($) (%)  
 No Storage 72282 31030 41252 –  
 Rule-Based 55928 20872 35056 22.6  
 Lyapunov 63281 21932 41349 12.5  
 Proposed 51606 19396 32210 28.6  
 Perfect Foresight 49 789 18096 31693 31.1  

4.4. Operational performance and battery health analysis

This section compares operational performance of the three control 
methods and analyzes their impact on battery health. Table  7 details 
operational characteristics and Fig.  7 shows the monthly trends of 
operational performance across the 12-month study period.

Rule-based control consistently delivers the highest daily energy 
throughput and capacity utilization, driven by its simple, reactive rules 
that aggressively dispatch energy whenever PV exceeds load or load 
exceeds PV. As shown in Fig.  7(a), its throughput increases during 
summer months when both PV generation and loads are high. The 
battery utilization time remains steady year-round, reflecting consistent 
responsiveness to PV-load imbalance. Both average charging and dis-
charging power stay relatively stable, with a notable summer increase 
in discharging power. While simple to implement, this strategy induces 
the most aggressive cycling behavior, with the highest cycle count per 
year and the deepest average cycle depth. SOC profiles show wide 
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Table 7
Operational performance metrics.
 Metric Rule-based Lyapunov Proposed 
 Daily Throughput (kWh) 617 385 476  
 Equivalent Full Cycles /Year 311 194 240  
 Average SOC (%) 49.1 49.0 37.6  
 SOC Standard Deviation (%) 25.6 19.7 20.0  
 Average Charging Power (kW) 39.7 45.9 25.3  
 Average Discharging Power (kW) 31.9 40.4 23.2  
 Average Power Change Rate (kW/min) 1.6 4.7 0.4  
 Battery Utilization Rate (%) 70 37 70  
 Rainflow Cycle Counta 585 355 554  
 Average Cycle Depth (%) 51 47 43  
 Estimated Annual Degradationb (%) 1.56 0.97 1.20  
a Rainflow cycle counting algorithm identifies complete charge–discharge cycles from 
SOC time series data following ASTM E1049 standard [27,28].
b Annual degradation estimated based on 5%/1000 equivalent full cycles (EFC) 
degradation rate for second-life batteries. This rate was empirically validated through 
comprehensive aging tests on identical second-life EV batteries under controlled 
conditions: 0.3C charge/discharge rate, 80% depth of discharge, and temperature below 
30 ◦C [21]. The current system operates within these validated parameters.

fluctuations and high standard deviation, reflecting the reactive dis-
patch logic. The high-stress usage pattern leads to the highest estimated 
degradation rate of 1.56% annually.

Lyapunov optimization shows the lowest throughput and utilization 
time, particularly during summer months. This counterintuitive pattern 
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Fig. 7. Monthly operational performance: (a) Monthly throughput. (b) Battery utilization time. (c) Average charging power. (d) Average discharging power. (e) 
Average SOC. (f) SOC standard deviation. (g) Rainflow counting cycles. (h) Rainflow counting cycle depth.
-

arises from its cost-driven logic-higher electricity prices in winter in-
crease dispatch activity, while summer PV abundance coincides with 
lower marginal savings from storage operation. Although charging and 
discharging powers remain high, Lyapunov optimization introduces 
frequent small-scale actions, resulting in the highest power change rate. 
Battery usage is sparse and conservative, with only 37% utilization 
rate and the lowest cycle count. The conservative operation results in 
the lowest estimated degradation rate, reflecting a trade-off between 
operational intensity and battery preservation.

The proposed method achieves a well-balanced performance profile 
with moderate throughput and stable battery utilization. The multi-
timescale forecasting enables sustained, consistent low-power opera-
tion that avoids excessive cycling. The average SOC is well-centered 
with low standard deviation, indicating stable operation. The method 
achieves moderate degradation rate (1.20% annually), confirming stress
aware, health-preserving control behavior while maintaining high uti-
lization efficiency. The approach successfully balances energy through-
put with battery longevity, making it ideal for commercial second-life 
battery applications.

The substantial performance advantage over Lyapunov optimization 
reflects fundamental differences in algorithmic design. Lyapunov opti-
mization minimizes a time-average proxy through myopic reactions to 
instantaneous states, while commercial demand charges penalize the 
maximum 15-minute import in a billing cycle. The proposed frame-
work directly targets this peak objective through explicit demand-limit 
thresholding. Additionally, Lyapunov optimization operates reactively 
without forecast information, missing optimal TOU arbitrage oppor-
tunities that the proposed 24-hour MPC captures. The operational 
9 
data reveals Lyapunov’s suboptimal behavior: low utilization combined 
with the highest power change rate, indicating frequent small correc-
tive actions that neither effectively shave peaks nor maximize energy 
arbitrage benefits.

Table  8 presents grid integration metrics of three control strategies. 
All three control strategies significantly improve grid integration met-
rics compared to the no-storage baseline. The proposed method offers 
the best grid integration performance with 71% self-consumption rate 
and only 38% grid dependency through predictive, adaptive schedul-
ing.

4.5. Computational performance

The proposed control strategy is implemented on a desktop com-
puter with Intel Core i7-12700 (2.1 GHz) CPU, 16 GB RAM, and 
Windows 11 operating system. The MILP problem of upper layer is 
solved using the CBC optimizer [29]. Table  9 demonstrates the com-
putational performance statistics of the proposed method across the 
complete 12-month simulation period.

The system operates well within real-time constraints: the hourly 
MILP in the upper layer solves in under 500 ms on average, with 
modest memory usage, and the lower-layer greedy tracker executes in 
microseconds, enabling minute-level demand management. For context 
on reference methods (same platform and dataset), the rule-based and 
Lyapunov controllers require on average 0.002 ms and 0.8 ms per 
time step, respectively. A centralized 15-min MILP requires 20.1 s per 
solve as reported in prior work [4]. The computational advantage is 
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Table 8
Grid integration metrics.
 Metric No storage Rule-based Lyapunov Proposed 
 Self-Consumption Rate (%) 53 69 65 71  
 PV Utilization Rate (%) 53 69 65 69  
 Grid Dependency (%) 50 40 42 38  
Table 9
Computational performance.
 Component Avg. time (ms) Max time (ms) Memory (MB) 
 Upper Layer MPC 478 882 7.1  
 Lower Layer Greedy 0.002 0.2 0.0  
 Forecasting (24 h forecast horizon) 18.2 39.5 8.69  
 Total System 496 922 15.8  
Fig. 8. Total electricity cost and computation time under different forecast 
horizons.

specifically relative to centralized approaches that attempt simultane-
ous optimization of energy and demand charges. While rule-based and 
Lyapunov methods are computationally faster, they sacrifice economic 
performance; the proposed multi-timescale approach achieves a prac-
tical trade-off, delivering near-optimal cost savings within real-time 
computational limits.

These performance characteristics support deployment on indus-
trial controllers and edge computing platforms commonly used in 
commercial energy management systems.

4.6. Parameter sensitivity analysis

4.6.1. Forecast horizon impact
Fig.  8 demonstrates the relationship between forecast horizon versus 

economic performance and computation time. The total cost decreases 
as forecast horizon increases, but the reduction becomes less significant 
beyond 8 h. Even with 24-hour forecast horizon, the computation time 
remains under 500 ms, making it favorable for practical applications.

4.6.2. Threshold parameter impact
The demand charge threshold significantly affects the trade-off 

between peak reduction and energy arbitrage. Fig.  9 presents the rela-
tionship between threshold and electricity cost, demonstrating the crit-
ical balance between immediate demand management and long-term 
energy optimization.

The analysis reveals that both extremely low and high threshold 
values result in suboptimal performance. Low thresholds drain batteries 
early, leaving insufficient energy for subsequent peak reduction. High 
thresholds naturally reduce demand management effectiveness. The op-
timal threshold balances both objectives and can be selected based on 
load and PV characteristics. This validates the theoretical framework’s 
10 
emphasis on the threshold as a critical coordination parameter between 
the two optimization layers. This trade-off highlights the threshold as 
a critical hyperparameter that should be tuned based on load volatility 
and PV variability.

The default threshold used in this work is 66 kW, selected as the 
95th percentile of historical net grid power observed in 15-minute 
windows. As seen in Fig.  9, the total cost remains near-optimal over a 
broad threshold range, demonstrating robustness to threshold variation. 
Future work may explore adaptive threshold selection strategies, such 
as using seasonal peak patterns, predictive analytics, or reinforcement 
learning techniques, to dynamically adjust the threshold for improved 
long-term performance.

4.6.3. Forecast accuracy impact
The moderate forecasting accuracy has limited impact on overall 

system performance. A comparison with perfect foresight scenarios in 
Table  6 reveals only 2.5% cost difference, demonstrating the frame-
work’s resilience to forecast errors through two compensating mecha-
nisms. First, the proposed method compensates for forecast uncertainty 
through feedback [23,30]: the rolling horizon MPC naturally corrects 
errors by updating optimization hourly based on actual measurements, 
allowing energy arbitrage planning to adapt to real-time conditions 
rather than relying solely on predictions. Second, the lower-layer al-
gorithm provides reactive control that immediately adjusts battery 
dispatch when actual conditions deviate from forecasts and grid power 
exceeds predefined thresholds. These built-in robustness features ef-
fectively mitigate forecast uncertainty while preserving near-optimal 
economic performance, demonstrating the practical viability of the 
hierarchical approach without requiring perfect predictions.

4.7. Investment return analysis

The economic viability of the SLBESS deployment is evaluated based 
on current market conditions and system performance. The invest-
ment analysis considers the total capital expenditure (CAPEX) and 
operational savings achieved through the proposed control strategy.

Based on current market prices for second-life battery systems, the 
total system cost includes second-life batteries at $100/kWh, balance of 
system components ranging from $50–150/kWh, and installation and 
commissioning costs of $50–100/kWh [31–33]. For the 362 kWh/56 
kW system studied, the total CAPEX is estimated at $90,500. Annual 
operation and maintenance costs are approximately 3% of CAPEX [34], 
resulting in $2715 per year for routine maintenance, monitoring, and 
component replacement.

The annual electricity cost savings achieved by the proposed method 
is $20,676. After accounting for annual operation and maintenance 
(O&M) costs, the net annual savings is $17,961. This results in a simple 
payback period of 5.0 years and an internal rate of return (IRR) of 
approximately 14.9% over a 10-year system lifetime considering a 6% 
discount rate.
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Fig. 9. Electricity cost versus different lower layer threshold values. (a) Total cost. (b) Energy charge and demand charge breakdown.
-

Compared with the proposed strategy, the rule-based controller 
yields a slightly longer payback period of 5.5 years, but this comes at 
the cost of increased battery throughput and accelerated degradation. 
In contrast, the Lyapunov-based approach yields a substantially longer 
payback of 10 years, reflecting its lower cost savings and conservative 
battery usage.

The investment case is further strengthened by several factors. 
The conservative battery degradation rate of 1.20% annually indicates 
long operational life, potentially extending beyond the 10-year analysis 
period. Increasing electricity rates and demand charges will improve 
future savings, while declining battery replacement costs over the sys-
tem lifetime enhance long-term economics. These results demonstrate 
strong financial viability for second-life battery systems in commercial 
applications when coupled with advanced control strategies.

4.8. Discussion

The experimental validation yields several key insights. The multi-
timescale decomposition effectively leverages the temporal structure 
of electricity pricing, outperforming baseline approaches while main-
taining computational efficiency suitable for real-world deployment. 
Conservative battery operating conditions ensure long-term longevity 
while still delivering strong economic performance, supporting the 
business case for second-life battery integration.

Threshold parameter analysis confirms the theoretical framework’s 
emphasis on balancing short-term demand management with long-
term energy optimization. Computational results further validate the 
framework’s practicality for real-time commercial applications. Finally, 
the battery health analysis shows that economic optimization and bat-
tery preservation are compatible objectives when appropriate operating 
constraints are enforced.

The proposed multi-timescale framework is applicable across di-
verse electricity markets. The hierarchical decomposition exploits the 
fundamental temporal separation between cumulative energy charges 
and instantaneous demand charges present in most commercial tariffs 
worldwide. The upper-layer MPC can be adapted to different energy 
pricing structures, such as flat rates, real-time pricing, or alternative 
TOU configurations, by modifying cost coefficients in Eq.  (12). The 
lower-layer algorithm can adjust threshold to adapt to various de-
mand charge mechanisms, such as monthly peaks, seasonal charges, 
or coincident demand. In markets without separate demand charges, 
the problem simplifies to a single-layer optimization. Conversely, more 
complex tariff structures may require further modeling enhancements. 
Future work should validate this framework across diverse market 
designs to confirm its generalizability.

The current framework addresses battery aging through conser-
vative operational constraints rather than by explicitly incorporating 
degradation costs into the optimization objective. Although degradation
aware co-optimization is a more advanced strategy, directly integrating 
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degradation costs would substantially increase computational complex-
ity due to the nonlinear nature of aging models and the need for 
real-time cycle tracking. For second-life batteries under conservative 
operation (narrow SOC range, low C-rates), degradation is predictable, 
and implicit mitigation via operational constraints effectively preserves 
battery health. The hierarchical architecture supports future integration 
of cycle-cost terms into the upper-layer objective while maintaining 
real-time computational tractability in the lower layer.

4.8.1. Limitations and future work
Although this study demonstrates the practical viability of the pro-

posed framework, it is important to acknowledge several limitations 
and boundary conditions to contextualize the results and inform future 
research.

(1) Market and tariff dependency: This study focuses on California’s 
TOU tariff, which includes separate energy and demand charges. 
Although the hierarchical decomposition is broadly applicable to 
commercial tariffs with temporal separation of energy and de-
mand objectives, the optimal parameters and resulting economic 
benefits are contingent on the specific pricing structure. Regions 
with flatter rate structures may yield lower savings than the 
28.6% observed in this case.

(2) Forecast accuracy: The XGBoost models achieve moderate accu-
racy despite the lack of exogenous weather variables. Although 
the framework exhibits resilience to forecast errors via rolling 
horizon updates and reactive control, incorporating weather data 
could enhance PV prediction accuracy, especially in regions with 
significant weather variability.

(3) Validation period: The field validation spans one month, show-
ing strong agreement between simulation and real-world perfor-
mance, but it does not capture full seasonal variability. While 
the 12-month simulation covers annual cycles, extended multi-
seasonal field trials are necessary to validate system performance 
under varied conditions and account for long-term battery aging 
effects.

(4) Battery aging modeling: The framework employs empirically val-
idated operational constraints (15%–85% SOC, 0.25C limits) in-
stead of explicitly modeling degradation dynamics within the 
optimization. This strategy offers computational efficiency and is 
suitable for second-life batteries operated conservatively, where 
degradation is relatively predictable. The reported 1.20% annual 
degradation rate is specific to actively controlled battery packs 
under defined operating conditions. Advanced approaches includ-
ing data-driven estimation [35], mechanism-based learning [36], 
and digital twin models [37,38] offer detailed predictions. Future 
work could integrate simplified versions of these models to enable 
adaptive operation as battery characteristics evolve.
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(5) System scale and configuration: This study validates a specific 
system size designed for a commercial building with a 0.33 
load factor and 200 kW of PV capacity. Buildings with sub-
stantially different load profiles or PV-to-load ratios may require 
customized parameter tuning. The buffer battery configuration 
leads to uneven aging across battery packs, and the reported 
metrics reflect only the actively controlled units.

(6) Computational scaling: Although the proposed 24-step MILP solves
in under 500 ms on standard hardware, incorporating more com-
plex penalty structures or significantly extending the prediction 
horizon could increase computational demands. Care must be 
taken when extending the framework to larger multi-building 
systems or higher-resolution MPC horizons.

Future research directions shall directly address the limitations 
identified above. First, extending field validation to multi-seasonal and 
multi-site deployments will help capture long-term seasonal variability, 
extreme weather events, and battery aging across diverse operational 
conditions. Second, integrating degradation-aware co-optimization that 
explicitly incorporates battery aging costs into the upper-layer MPC ob-
jective while maintaining computational tractability will enable adap-
tive operation as batteries age. This includes developing adaptive pa-
rameter estimation techniques to update battery characteristics (such 
as capacity, resistance, and efficiency) in real-time based on opera-
tional data. Third, validating the framework across electricity markets 
with varying tariff structures (e.g., real-time pricing, capacity markets, 
ancillary services) will test its generalizability and inform parameter 
tuning across regulatory contexts. Fourth, integrating weather forecast-
ing into the prediction pipeline will improve PV generation accuracy 
and enable more proactive energy management. Finally, investigating 
the framework’s scalability to larger commercial buildings, microgrids, 
and aggregated systems will expand its applicability. These extensions 
will further improve the framework’s performance, adaptability, and 
deployment potential across diverse commercial energy management 
scenarios.

5. Conclusion

This paper proposes a multi-timescale control framework for op-
timizing electricity costs in commercial buildings using second-life 
battery energy storage systems. The pivotal innovation of this work 
lies in its temporal decomposition, which directly tackles the com-
putational intractability of centralized optimization under commercial 
tariff structures. By strategically decoupling the long-term energy arbi-
trage problem from the short-term peak shaving objective, the frame-
work achieves a critical balance between computational efficiency and 
economic performance that has been a persistent challenge in the 
field. This hierarchical design maintained sub-500 ms computation 
times, making real-time deployment practically feasible while retaining 
near-optimal economic performance.

A key contribution of this work is comprehensive validation on a 
deployed SLBESS system using 12 months of real operational data, 
distinguishing it from predominantly simulation-based studies in the 
literature. Compared to a no-storage baseline, the framework achieved 
a 28.6% reduction in electricity costs, outperforming conventional rule-
based and Lyapunov-based methods by 6% and 16.1%, respectively. 
Critically, the framework integrates empirically validated, health-
preserving constraints (15%–85% SOC, 0.25C rate limits) that achieve 
only 1.20% annual battery degradation while maintaining high utiliza-
tion, demonstrating that economic optimization and battery longevity 
are compatible objectives under appropriate control strategies. The 
investment analysis showed a simple payback period of 5.0 years and 
a 14.9% internal rate of return, supporting the economic feasibility of 
SLBESS adoption in commercial settings.

The study further confirms several important insights. Threshold 
parameter sensitivity analysis revealed a robust trade-off space for co-
ordinating long-term energy planning and short-term peak avoidance. 
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Operational metrics demonstrated that economic optimization and bat-
tery health preservation can be simultaneously achieved. The frame-
work’s resilience to forecast uncertainty, maintaining near-optimal per-
formance despite moderate prediction errors, validates its practical 
robustness.

Overall, the framework provides a scalable and cost-effective foun-
dation for deploying second-life battery systems in commercial energy 
management applications. It contributes to reducing electricity costs, 
improving grid flexibility, and accelerating the circular economy for 
electric vehicle batteries. Looking forward, future work will directly 
address the limitations of the current study. This includes: (1) extending 
field validation to multi-seasonal and multi-site deployments to capture 
long-term seasonal variability and battery aging effects, (2) integrating 
degradation-aware co-optimization that explicitly incorporates battery 
aging costs into the upper-layer MPC objective while maintaining com-
putational tractability, and (3) developing adaptive parameter estima-
tion techniques to update battery characteristics in real-time as the 
system ages. These extensions will further enhance the framework’s 
performance and generalizability across diverse operational contexts 
and market structures.
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Appendix. Multi-timescale cost optimization algorithm

The complete implementation algorithm for the proposed hierarchi-
cal control framework is detailed below.

Algorithm 1 Multi-timescale Cost Optimization Algorithm
1: Initialize: 𝑡 = 0, SOC0, forecast models, pricing data 
2: while 𝑡 < 𝑇final do 
3: if 𝑡 mod 60 = 0 then 
4: Generate 24-hour load/PV forecasts using XGBoost models 
5: Update 𝑆𝑂𝐶𝑘 = SOCcurrent from lower layer actual state 
6: Solve upper-layer MILP problem Eq.  (21)
7: Store hourly references 𝑃 ℎ,∗

bat  for ℎ ∈ [𝑘, 𝑘 + 23]
8: end if
9: Execute lower-layer Algorithm in Fig.  3
10: Implement control action 𝑃 ∗

bat(𝑡)
11: Update battery SOC and advance time: 𝑡 = 𝑡 + 1
12: end while
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Data availability
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