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Abstract

Currently, a persistent concern arises regarding the management of retired Li-ion batteries from
electric vehicles (EVs). A potential solution is to repurpose these batteries for less demanding
applications, such as energy storage systems. Such repurposed batteries are commonly referred
to as second-life batteries (SLBs). In this work, we explore the economic feasibility of implementing
SLBs in Stanford University’s EV bus charging station via previously developed technoeconomic
decision support model. The model simulates battery aging behaviors across various usage condi-
tions, optimizing the operational parameters of SLBs. The estimated lifetime is expected to be 10
years in an optimal using condition. In addition, an economic sensitivity analysis explores the influ-
ences of various factors. Furthermore, we calculate the cost savings of total $82,500 over its second
lifetime, which is derived from the adoption of SLB instead of new batteries.
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n March 2022, Stanford University successfully transi-

tioned to 100% renewable electricity, surpassing the

annual energy consumption of its on- and off-campus
facilities through renewable electricity generation [1]. In
particular, the university has been actively electrifying its
diesel bus system since 2014, resulting in a fleet of electric
buses operating on campus by 2020 [2]. These electric
buses are using LFP (Lithium Iron Phosphate) battery
chemistry and supported by charging stations that rely
on solar power generated on campus. However, due to
the operation time of the solar Photovoltaic (PV) systems
(only during daytime), the charging stations still draw
some carbon-based electricity from the grid. As a result,
the charging process remains partially carbon-emitting.
To address this issue and achieve decarbonized bus
charging, a project has been initiated to demonstrate a
24/7 carbon-free electrified campus bus fleet. The project
aims to develop a scalable platform that intelligently coor-
dinates solar energy, energy storage, electric bus route
assignments, and bus charging. The platform objectives
include minimizing energy costs, ensuring system resil-
iency, and optimizing vehicle utilization throughout the
campus [3].

Numerous studies in the literature have focused on
examining the economic viability of utilizing SLBs in
combination with PV systems at EV charging stations
[4, 5]. In 2013, Tong et al. [6] conducted a feasibility study
on the implementation of an SLB pack in an off-grid PV
vehicle charging system. The battery pack consisted of
135 LFP SLBs and was projected to have a lifespan of
5.5 years in that particular application. They set up a
demonstration system in the Sacramento, CA area and
evaluated its performance through numerical simula-
tions and experimental testing. The study’s findings,
based on both experimentation and simulation, demon-
strated the feasibility and cost-effectiveness of incorpo-
rating SLBs in charging stations integrated with PV
systems, as compared to systems utilizing new Li-ion
batteries. Similarly, Hamidi et al. [7] investigated the
integration of wind power, solar PV power, and Li-ion
battery energy storage into a DC microgrid-based
charging station for EVs. They proposed the integration
of SLBs into the system to serve as an energy buffer
and provide emergency power in the event of a grid
connection loss.

In a recent study [8], researchers examined the real-
world performance of an SLB in three different scenarios,
including a fast-charging station for electric buses.
Experimental analysis revealed that the SLB experienced
greater degradation in the fast-charging station for urban
buses compared to energy storage for a residential PV
system, attributed to the demanding operating conditions
(higher C-rate) compared to the other scenarios. The
researchers also concluded that oversizing the SLB would
be necessary to ensure economic profitability. Another

study [9] conducted a case study involving an integrated
system consisting of an SLB, a PV generator, and a grid-
connected mobile network telecommunication station.
Similarly, SLBs were employed for energy peak power
shaving and shifting purposes. The model results demon-
strated significant potential for cost reduction, both in
economic and environmental terms, through the utiliza-
tion of SLBs. Kamath et al. [10] investigated the economic
costs and life cycle environmental impacts of imple-
menting SLBs in five cities across the United States.
Compared to the use of new batteries, the adoption of
ORCID(s): SLBs resulted in a reduction in the levelized cost
of electricity (LCOE) by 12—41% and the global warming
potential (GWP) by 7-77%. Furthermore, when combined
with PV systems, SLBs further decreased reliance on grid
electricity, leading to greater reductions in GWP and
cumulative energy demand (CED) compared to using
SLBs alone.

It is worth noting that the economic analysis
conducted on SLBs mentioned earlier primarily relies on
cell-level degradation models, overlooking the uncertain-
ties associated with battery module/pack-level aging.
Disassembling SLBs into individual cells is costly [11],
necessitating the development of effective simulation
tools for battery aging models at the module level. Factors
such as electrical configuration, cell inhomogeneity, and
cell-to-cell thermal interactions can result in varying
degrees of degradation among cells within battery
modules, introducing uncertainties in overall degradation.
Seger et al. [12] explored the influence of individual cell
uncertainties on module capacity and emphasized the
importance of considering these effects when developing
aging models at the module level. Therefore, in this article,
we employ the technoeconomic decision support model
developed in the previous paper [13], which contains a
module-level battery degradation model and economic
model, to simulate SLB module degradation and its
economic feasibility specifically within an EV bus charging
station at Stanford. This article focuses on developing an
LFP-specific battery aging model, conducting a detailed
sensitivity analysis of the economic framework, and evalu-
ating the feasibility of SLB deployment in a real-world
application. In contrast, our previous work centered
primarily on the overall framework design and
conceptual demonstration.

1.1. LFP Battery Aging Models

Considering the disparity between the battery chemistries
employed in the EV buses at Stanford and the cells utilized
in [13], the developed prediction model designed for NCA
Tesla cells in such a model framework is incompatible in
this scenario. To address this challenge, a viable solution
involves substituting the original cell-level aging model
with a new model specifically designed for LFP batteries.

In the literature, there are different types of battery
degradation models, including physics-based models
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[14-16], empirical/semi-empirical models [17-19], and
data-driven models [20, 21]. The empirical/semi-empirical
models curve-fit the relationship of various stress factors,
such as temperature, C-rate, and Depth of Discharge
(DoD), onto the data, resulting in a relatively simple analyt-
ical formula. Their simplicity allows using those aging
models in a wide variety of studies, such as system-level
design problems, optimization models, and battery
management systems [22]. In addition, the analytical
formulas give a direct indication of the effect of various
stress factors.

Battery aging encompasses cycling and calendar
aging. Wang et al. [19] introduced a cycle-life model
tailored for LFP batteries. Their data collection involved
varied parameters: temperature (—=30°C to 60°C), DoD
(ranging from 90% to 10%), and discharge rate (C-rate
from C/2 to 10C, with 1C corresponding to 2A). They
formulated two equations for high and low C-rates within
their cycle-life model. These equations governed capacity
loss, relating it to time or charge throughput through a
power law, while temperature effects were accounted
for using an Arrhenius correlation. Regarding calendar
life aging, Sarasketa-Zabala et al. [23] established a
comprehensive model for LFP batteries. Their study
included five static calendar aging conditions, involving
varied storage temperatures and State of Charge (SOC)
levels, to assess cell degradation. Validation encompassed
both constant operating conditions and dynamic
scenarios. Model predictions closely aligned with experi-
mental results, displaying a root-mean-square error of
0.93% for experiments lasting between 300 and 650
days. In a recent study, Najera et al. [18] analyzed capacity
degradation modeling in LFP batteries, considering both
calendar and cycling aging. Their developed aging model
accounted for variations in key parameters defining the
model: temperature, DoD, and charge/discharge rate.
The proposed battery aging model demonstrated a
maximum relative error of 3%, varying based on specified
working conditions.

Based on the above analysis, in this work, we opted
to develop a semi-empirical model for LFP cells, using
similar mathematical equations from the literature.

1.2. Article Objective and
Structure

The primary aim of this study is to evaluate the economic
viability of integrating SLBs into the EV bus charging
station at Stanford University. Prior research has show-
cased successful instances of incorporating SLBs into EV
charging stations, often coupled with PV systems. Hence,
our focus is on conducting a case study involving the
Stanford Marguerite Shuttle, a sizable electric bus fleet,
utilizing a technoeconomic decision support model
outlined in our previous publication [13].

However, since the battery energy storage system
(BESS) has not yet been deployed, the analysis is based

on projected operational conditions and design assump-
tions rather than measured field data. In this application,
the SLB system stores surplus solar PV energy during
daylight hours and discharges at night to supply the EV
bus charging station. A typical setup for BESS combined
with PV can refer to a real-world project [24], and the
cooling system for BESS is normally designed by battery
OEMs such as Honeywell [25] and BYD [26]. Here,
we assume the BESS would follow the OEMSs’
default setup.

Rather than directly applying the same model used
previously, this study involves developing a semi-empirical
model for LFP batteries, intended to replace the data-
driven model initially developed for NMC chemistry in the
decision support model framework. Subsequently, the
cell-level model is incorporated into the same module-
level aging model framework. Various aging factors are
well examined, and optimal operational conditions are
derived based on simulation outcomes. The projected
lifespan derived from these models feeds into the iden-
tical economic model detailed in our prior work [27],
enabling the calculation of SLB value.

Under the assumption that acquiring used batteries
from EV buses incurs negligible costs, this approach
allows for the calculation of cost savings achievable by
implementing SLBs instead of entirely new ones
throughout the SLB's operational span. Furthermore,
a sensitivity analysis is conducted to explore how
different variables could influence cost savings, exam-
ining both best-case and worst-case scenarios. This
analysis aims to provide a comprehensive under-
standing of the potential cost benefits associated with
this implementation.

The article is organized as follows: Section 2 delin-
eates the methodology employed in this study. Section
3 elaborates on our modeling approach for the semi-
empirical aging model of LFP batteries. In Section 4,
we present the outcomes stemming from both the
cell-level semi-empirical model and the module-level
simulations. Additionally, this section includes the
computed cost savings derived from our economic
model. Lastly, Section 5 encapsulates the conclusions
drawn from this work and proposes potential avenues
for future research.

2.1. Experimental Dataset

The dataset utilized in this section to examine battery
cycle aging was sourced from Sandia National Lab (SNL)
[28]. This dataset encompasses data generated under
various temperatures and discharging conditions. The
LFP batteries used belong to the A123 system, each
possessing a nominal capacity of 1.1 Ah. The electrode



Downloaded from SAE International by The Library, Monday, March 23, 2026

4 Zhuang et al. / SAE Int. J. Elect. Veh. / Volume 15, Issue 2, 2026

TABLE 1 LFP battery information and cycling conditions.
Battery

Discharge

Manufacturer
A123

chemistry

LFP 11 AR

stacking method of the LFP cylindrical cell used in the
experiment is a winding. Here, we assume the SLBs imple-
mented will have the same chemistry, cell form factor,
and stacking method.

All battery cells underwent consistent charging proto-
cols, involving a 0.5C Constant Current (CC) Charge
succeeded by a Constant Voltage (CV) charge. However,
diverse CC discharging profiles were employed, incorpo-
rating distinct current rates (0.5C, 1C, 2C, and 3C), varying
DoD levels (100%, 60%, and 20%), and different operating
temperatures (15°C, 25°C, and 35°C). Detailed battery
information and the experimental configuration are
presented in Table 1. For more details, additional informa-
tion is available on the referenced website [29]. In this
article, only 100% DoD data are used to develop the
model, as the partial DoD datasets (60% and 20%) exhib-
ited negligible degradation (capacity remains nearly
unchanged after 3000 cycles) and represented a small
portion of the available test conditions (5 out of 30 test
cases). It is noted that the absence of partial DoD cycling
data may lead the model to underestimate SLB lifetime;
however, this results in a conservative prediction that
remains valid as an upper-bound estimate under full-
depth cycling conditions.

The degradation curves depicting LFP performance
under different C-rates and temperatures are illustrated
in Figure 1. These curves offer a comprehensive view
of the battery’s response to varying operational condi-
tions, crucial for understanding the aging dynamics of
the cells.
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2.2. Semi-empirical Cell-level
Model

Li-ion battery cell's degradation consists of calendar aging
(denoted as Q.,) and cycling aging (denoted as Q), which
is expressed in Equation 1.

ch/l = Qca/ + Qcyc (1)

The calendar aging of batteries illustrates degrada-
tion during storage periods when the cell experiences no
electrical current flow. Primarily, two key variables impact
calendar aging: temperature and SOC. The influence of
these parameters on calendar aging varies based on the
specific battery chemistry.

Equation 2 adopts an Arrhenius exponential expres-
sion, serving to estimate the relationship between these
variables and calendar aging. This equation models the
capacity fade over time, capturing the dependence on
temperature and SOC variables [17, 30].
h-SOC e//T X tZ (2)

In the above equation, T represents the battery
temperature, while t signifies time. The SOC stands for
the mean SOC of the charge/discharge process, which
equals the average value of the maximum and minimum
SOCs. Additionally, three parameters (g, h, and /), contin-
gent upon the battery’s chemistry, are employed to tailor
the model to each specific battery. The parameter z,
known as the power law factor, typically ranges between
0.5and 1.

Contrarily, aging during cycling of Li-ion batteries is
attributed to kinetic-induced effects [31]. This degradation
primarily hinges on the battery’s operational mode, specif-
ically the selected current profile and operating tempera-
ture. Additionally, battery chemistry influences the
capacity loss incurred during cycling processes. Although
various semi-empirical models exist in the literature to
represent cycling aging, the model presented in this work
employs and modifies Equation 3, which is commonly
found in previous papers [17-19].

QCal =g-€

Que =(a-T24b-T4a)- T ay 3

where AH denotes the capacity through-output in Ah,
while C, . represents the charge and discharge current
applied to the battery concerning its nominal capacity.
Similar to the case of calendar aging, a set of model
parameters (a, b, d, f, s, p, and g), contingent upon the
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battery’s chemistry, is established to customize the model
for each specific battery. These parameters facilitate the
adaptation of the model to the distinct characteristics of
individual batteries.

According to the expressions exposed above, Equation
1 can be rewritten as:

chll = (a : T2 +b-T+ d) . e(f'TJrS)'(D‘Crate*Q)
@
AH+ g- ehASOC .e//T .L_z

In Equation 4, Q.. represents the final capacity fade
in percentage, T denotes the battery temperature in
Kelvin, AH signifies the capacity through-output in Ah,
Crate PErtains to the discharge rate, t represents time in
seconds, and z stands for the power law factor. Additionally,
parameters a, b, d, f, g, h, I, s, p, and g are contingent upon
the battery chemistry, offering vital dependencies within
the equation. For example, the LFP battery shows slower
capacity fade under moderate cycling conditions, lower
thermal runaway risk, and longer cycle life, making the
parameters relatively smaller. In contrast, NMC battery is
generally more sensitive to aggressive cycling such as
high temperature and high SOC operation range. Although
the present model is calibrated for LFP battery as it’s
more suitable for second-life applications, the modeling
framework is chemistry-agnostic and can be extended
to other chemistries by adjusting the empirical degrada-
tion parameters based on chemistry-specific datasets.

This equation (4) serves to calculate the degradation
of LFP cells and can be seamlessly integrated into the
module-level degradation model. For an in-depth under-
standing of the cell-level semi-empirical model and its
parameter identification, detailed insights can be found
in [18]. The specific model parameters utilized in our case
are outlined in Table 2. These parameters play a crucial
role in tailoring the model to the distinctive characteristics
of the batteries under consideration. While formal confi-
dence intervals were not calculated for the fitted param-
eters, model validation was performed using R? and mean
absolute error (MAE) metrics, and stochastic variability

TABLE 2 Parameters in the LFP semi-empirical aging model.

Parameters Values

-834510-°
225210~
9.73810~4
245210~

02371
5335
4435
5.980-10°
—7.245
-6.988-10°
0.7672

N — T o T w ™ma T o

was introduced at the module level via Monte Carlo simu-
lations to partially account for uncertainty in
parameter values.

2.3. Module-level Simulation
Model

After the cell-level aging model is developed, it is inte-
grated into the module-level model via simply replacing
the Gaussian Process Regression (GPR) model in the
module-level model framework as [13] described. The
module-level aging simulation is carried out in three
sequential steps.

First, the semi-empirical cell-level degradation
model predicts each cell's capacity and resistance evolu-
tion over time. In the absence of measured resistance
data, we assumed an inverse proportionality between
capacity retention and internal resistance, consistent
with empirical aging trends [32-34]. For example, if a
cell’s resistance is Ry at 100% State of Health (SOH), it
increases to 1.25R, when capacity drops to 80% SOH.
Although it may not represent the real relationship
between capacity fade and resistance increase, this
simplified method enables the model to approximate
resistance changes as degradation progresses. It is
noted that this simplified method may under-represent
the resistance-driven power fade. Future work will
be conducted to improve the model accuracy when the
resistance data is available.

Second, the predicted capacity and resistance values
are fed into an equivalent circuit model (ECM) to deter-
mine current distribution and terminal voltage within the
battery module. This step explicitly accounts for the
module’s electrical topology, whether cells are arranged
in series or parallel, and updates the cycling conditions
for every simulation time step. The process iterates until
the module reaches the defined end-of-life threshold.

Finally, a Monte Carlo framework is applied to perform
multiple runs with varied initial conditions, capturing vari-
ability in cell performance and electro-thermal inconsis-
tencies. The results are averaged to represent the
module’s overall behavior, thereby producing a more
robust and realistic prediction of second-life battery aging.
More details on module-level modeling can refer to [13].

Since the specific form factor and module design of
the BESS are not available, the degradation model in this
work is based on available cylindrical LFP cell data,
focusing only on electrochemical aging effects. Mechanical
degradation factors related to form factor, stack pressure,
and module design should be incorporated once applica-
tion-specific data from the deployed system becomes
available. Additionally, the model assumes the proposed
SLB systems will use the same cell form factor from the
LFP experimental data, while noting that future designs
may use different form factors (e.g., prismatic or pouch)
with potentially different mechanical and thermal
aging characteristics.
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2.4. Economic Feasibility Analysis

The evaluation of the economic feasibility regarding the
incorporation of SLBs in the Stanford EV bus charging
station is based on the technoeconomic decision support
model previously proposed. In this study, the original data-
driven model in the model framework has been substi-
tuted with our newly developed semi-empirical model
tailored specifically for LFP batteries. This updated model
has been seamlessly integrated into the existing module-
level degradation framework. This model framework
comprises a module-level prediction model and an
economic assessment model of SLBs. Initially, the predic-
tion model is employed to simulate SLB degradation
behaviors, enabling the calculation of the SLB lifespan.
Subsequently, leveraging the economic model allows for
the estimation of SLB value based on factors such as their
remaining useful life and other pertinent considerations.

More specifically, the economic model from our
previous work estimates the maximum selling price of
SLBs in different applications by calculating the net present
value (NPV) of their future cash flows. This price represents
the highest amount a customer would be willing to pay.
Because SLBs compete directly with new batteries in the
market, the maximum selling price after repurposing is
determined by equating the NPV of an SLB to that of a
new battery. Once the NPV of a new battery and the
repurposing cost are known, the maximum value of an
SLB can be derived. Additional details on the calculation
methodology are provided in [13].

Diverse economic factors have been taken into
account to explore the variations in SLB values across
different scenarios. Under the assumption of no costs
associated with obtaining SLBs, a calculation of cost
savings derived from utilizing SLBs instead of new
batteries is performed.

As per information provided by the Stanford
Transportation Department, the requisite BESS for EV
bus charging stations is approximated at 750 kWh in
energy capacity and 300 kW in power capacity. Hence,
our analysis is structured around these specifications to
estimate the value of SLBs within this battery size. This
approach allows for an economic evaluation based on the
potential cost savings accrued by utilizing retired LFP
batteries instead of procuring new ones.

3.1. Prediction Results of the
Cell-level Aging Model
In this section, the primary aim is to show the prediction

results of the developed cell-level aging model using exper-
imental data from [28]. A comparative analysis is conducted

between the model predictions and the actual degradation
provided in the battery datasheet, as delineated in Figure
2. These curves depict the correlation between capacity
loss and the number of cycles, showcasing a gradual reduc-
tion in battery capacity as the number of cycles increases.
Here, capacity loss is defined as the percentage of capacity
reduction compared to its initial capacity.

Figure 2 presents the prediction performance of the
model across varying C-rates and temperatures. Figure
2(2) and (b) demonstrates an excellent concurrence
between the model predictions and experimental data
across all three temperatures. It is obvious that higher
temperatures would accelerate battery aging. However,
under the 2C cycling condition, the difference in degrada-
tion between 15°C and 25°C becomes much less
pronounced. This is likely because at higher C-rates the
cycling-induced degradation dominates, leaving less time
for temperature-driven calendar aging processes to
manifest compared to the 1C case, where longer cycle
durations allow temperature effects to play a more signifi-
cant role. Still, temperature effects become increasingly
significant over longer operating periods. As a result, effec-
tive thermal management is essential for ensuring the
longevity and reliability of second-life batteries. Commmercial
stationary energy storage systems (e.g., Honeywell lonic™,
BYD Chess Plus) typically employ forced-air or liquid cooling
and active temperature monitoring to preserve battery
health and safety over multi-year operation. Future imple-
mentations of SLBs for the Stanford EV bus charging
station would similarly benefit from active thermal regula-
tion to minimize temperature-induced degradation and
improve long-term system performance and reliability.

Similarly, Figure 2(b)—(d) exhibits commendable model
accuracy across diverse discharge C-rates. However, at a
higher C-rate of 3C, a divergence emerges between the
model predictions and experimental data, notably after
3000 cycles. This discrepancy likely arises due to acceler-
ated degradation experienced by the battery at higher
C-rates, a phenomenon not fully captured by the original
model. This could be caused by both electrochemical and
mechanical factors, including accelerated SEl layer growth,
electrolyte decomposition, and lithium plating, as well as
mechanical stress-induced particle cracking that damages
the SEI layer and promotes further side reactions. Such
degradation pathways are more pronounced at elevated
C-rates and can lead to nonlinear capacity fade trends.
While these effects are outside the intended operational
envelope for the target SLB application (less than 1C),
acknowledging them provides useful context for potential
model refinement in future high C-rate studies.

Despite this observed discrepancy, the model main-
tains satisfactory performance within temperature and
C-rate ranges pertinent to most second-life applications.
It yields a MAE of approximately 3% and an impressive R?
value of 96%. This validation underscores the model’s
reliability within its intended operational parameters, signi-
fying its potential utility. This validation, while highlighting
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m Prediction results of cell-level aging model for LFP battery in comparison with the experiment datasheet. The
experiment data is obtained from [28] and denoted as exp, where prediction results are denoted as pred. (a, b) 15°C, 25°C, and
35°C for 1C and 2C discharge rate; (c, d) 25°C for 0.5C and 3C discharge rate. All the cells were cycled from 0% to 100% SOC.
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areas for enhancement, lays the groundwork for subse-
quent advancements in the model’s predictive capabilities.

3.2. Simulation Results of
Different Using Conditions

Equation 4 elucidates that battery degradation is mainly
influenced by temperature and discharging C-rate. SOC is
also another important factor, but due to a lack of experi-
mental data, it is not discussed in this work. Here, we use
Equivalent Full Cycle (EFC), which represents the cumulative
amount of energy that has discharged from a battery,
normalized to a full charge—discharge cycle at its nominal
capacity, to compare battery degradation across different
C-rates. Through an analysis of different temperature and
discharging C-rate scenarios, we aim to discern their collec-
tive influence on battery degradation. Our objective is to
identify the most favorable operational conditions that

minimize degradation in SLBs utilized within EV bus
charging stations. This investigation will aid in delineating
an optimized usage protocol, enhancing the longevity and
performance of the batteries in this specific application.
The analysis involved three distinct values for temper-
atures and four different C-rate values, as detailed in Table
3. Our baseline scenario stood at 25°C and 1C discharge
current. Through simulation, the average battery degrada-
tion results were observed for each case, as depicted in
Figure 3. It should be noted that from the Monte Carlo

TABLE 3 Different battery aging variables: C,,. represents the
charging and discharging rate and T represents the battery
operating temperature.

Variables Values

Cre 0.5C, 1C, 2C, 3C
T 15°C, 25°C, 35°C

© SAE International
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LN The simulation results of LFP SLBs in different using conditions: (a) battery degradation under 15°C, 25°C, 35°C; (b)

battery degradation under 0.5C, 1C, 2C, and 3C discharge current.
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simulation, the resulting spread in predicted capacity was
within 5%, demonstrating the uncertainty has a limited
effect on the degradation predictions and does not
change the key conclusions.

Figure 3(a) elucidates the impact of varied tempera-
tures on battery degradation. Notably, lower tempera-
tures, particularly from 35°C to 15°C, significantly extend
battery life. However, it's important to consider that lower
temperatures entail additional energy for cooling, thereby
increasing operational costs. Therefore, maintaining the
battery at 25°C appears more practical for this applica-
tion. In Figure 3(b), the influence of the discharging C-rate
is evident. Lower currents, specifically below 1C, exhibit
minimal differences in battery lifetime. However, a signifi-
cant reduction in total lifetime occurs at higher currents,
particularly at 3C. Given that second-life applications typi-
cally don’t demand such high currents, adhering to
charging and discharging SLBs below 1C in EV bus
charging stations appears viable.

Based on these findings, the recommended operating
conditions for SLBs in EV bus charging stations would involve
temperature control at 25°C and limiting discharge current
to below 1C. These parameters aim to optimize battery
longevity and performance while balancing operational costs
and efficiency within this application scenario. The estimated
lifetime of the battery in a second life is 6.3 years.

3.3. Sensitivity Analysis of
Economic Model Variables

Based on the economic model, the valuation of SLBs is
contingent upon several crucial factors. These pivotal
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determinants include the price of new batteries, revenue
generated per unit in the second-life application, repur-
posing expenses, recycling value, initial SOH of retired
batteries, and the extent of battery utilization in the
second-life phase. Table 4 showcases the values of these
influential factors, each subject to specific variations for
the purpose of conducting a sensitivity analysis.

The baseline values for these factors have been
derived from an extensive literature review and insights
provided by the Stanford Transportation Department.
However, in real-world scenarios, each of these factors is
prone to variations.

Several assumptions are made on the selection of
factor base values and variations: (1) Most factors were
assumed to vary by *20% across scenarios, with the
exception of recycling value and battery SOH; (2) Recycling
value can vary with technology maturity. For LFP batteries,
reported values are often negative; therefore, in the base
case, the recycling value is set to 0; (3) A negative recycling
value represents a cost to recycle retired LFP batteries,

TABLE 4 Different economic factors with variations.

Variables Base case Variations
New battery price ($/kWh) 426 [35, 36] 341, 51
Initial SOH 80% 85%, 75%
Unit revenue ($/kWh) 0.55 [37] 044, 066
Recycling value ($/kWh) 0 [38] -10, 10 [38]
Repurposing cost ($/kWh) 25 [38] 20, 30
Duty cycle per day 07 0.56, 0.84

The base case represents the SLB is used in the optimized working condition.

© SAE International
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whereas a positive value reflects potential profit from
future recycling technology. A variation range of +10%/
kWh is used, based on current estimates from the Chinese
market [38], where LFP adoption is widespread and
extensively studied; (4) Duty cycle values are based on
estimates from the Stanford Transportation Department
for a scenario involving five duty cycles per week; (5) The
battery SOH in the base case is set to 80%. Since a £20%
variation is not realistic for this parameter, a smaller range
of +5% is adopted.

Our intention is to scrutinize the impact of these
potential variations through a sensitivity analysis, offering
insights into how alterations in each factor could affect
the overall valuation of SLBs. This comprehensive analysis
aims to provide a nuanced understanding of the economic
viability and potential fluctuations that could impact the
financial evaluation of SLBs. Figure 4 displays a sensitivity
analysis of various factors influencing the pricing of SLBs.
The investigation highlights that factors such as battery
initial SOH, battery duty cycle in the second life, and new
battery price exert substantial impacts on SLB selling
prices. Generally, changes in these factors align with
corresponding alterations in SLB prices. However, the unit
revenue and duty cycle per day are two exceptions.
Higher unit revenue increases the NPV of new batteries,
making SLB price lower to maintain competitive pricing.
Similarly, elevating the duty cycle per day accelerates the
degradation rate of used batteries more than that of new
batteries, resulting in reduced generated cash flows and
subsequently lowering SLB prices.

The impact of initial SOH on pricing is particularly
pronounced when SLBs operate at lower SOH levels.
Lower SOH triggers accelerated degradation, significantly
reducing the battery’s second life, thus considerably
impacting pricing. Conversely, recycling value and repur-
posing costs exert comparatively minor effects on SLB

prices. However, they remain essential considerations,
especially in anticipation of future technological develop-
ments, potentially leading to increased recycling values
for LFP batteries.

3.4. Cost Reduction via
Implementing Retired
Batteries

As previously discussed in this section, assuming the acqui-
sition of LFP batteries from Stanford’s Marguerite bus fleet
at no cost allows for the calculation of total cost savings
incurred by utilizing these used batteries in their second
life. Focusing solely on the base case scenario, the cost
reduction amounts to $82,500 over 10 years, the entire
second-life period, in comparison to the deployment of
new batteries. However, considering the influence of
various factors on SLB'’s value, this cost reduction fluctu-
ates. In an optimistic scenario, leveraging SLBs could lead
to savings of $150,000 over 13 years, while in a less favor-
able scenario, the savings diminish to $20,250 within a
5-year operational span. Additionally, even when assuming
an SLB acquisition cost of $50/kWh, the system still yields
a positive cost benefit. For example, with a 300 kWh SLB,
the total cost reduction remains positive at approximately
$5000, even under conservative (unfavorable) conditions.
This comprehensive analysis underscores the economic
viability of SLBs for Stanford’s EV bus charging station.

4. Future Work

The future studies should aim to further improve the
model by incorporating dynamic cycling experimental

m The simulation results of LFP SLBs in different using conditions.

Sensitivity analysis of SLB price

Duty cycle per day (-20%, +20% B
Recycling cost (-10, +10) H
Repurposing cost (-20%, +20%) II
909 o B Variables decrease
Revenue (-20%, +20%) I
m Variables increase
SOH (-5%, +5%) |
New battery price (-20%, +20%) I
-150 -100 -50 0 50 100 150

© SAE International

Battery price change ($/kWh)



Downloaded from SAE International by The Library, Monday, March 23, 2026

10 Zhuang et al. / SAE Int. J. Elect. Veh. / Volume 15, Issue 2, 2026

data for SLBs. The experiment data used in this study
and most papers employed constant charging and
discharging currents alongside fixed cut-off voltages.
However, discrepancies persist between the experimental
cycling conditions and real-life cases. Therefore, a more
robust model can be developed by integrating these real-
life duty profiles into the aging model. Moreover, future
work should also focus on validating and refining the
model once the actual SLB system design for the Stanford
EV bus charging station is finalized. Once available, the
module- and system-level parameters, such as module
structure and cooling system design should be incorpo-
rated to include the mechanical effect on battery aging.
More specifically, experimental cycling data from cells
matching the deployed chemistry, form factor, electrode
stacking method, and thermal management configuration
should all be investigated and updated. This will enable
more accurate representation of mechanical stress
effects, swelling behavior, and heat dissipation characteristics.

Additionally, the current framework does not explicitly
model rare safety-critical events such as lithium plating,
internal shorts, or thermal runaway. While the intended
second-life application operates under mild C-rates and
controlled temperatures to mitigate these risks, future
extensions could integrate physics-based models for such
phenomena to enhance safety assessment. Furthermore,
the long-term viability of SLBs in stationary applications
depends on robust Battery Management System (BMS)
functionality, including cell balancing, thermal monitoring,
and fault detection. Without such measures, even minor
voltage imbalances can trigger premature discharge
cut-off, reducing available capacity and undermining
economic performance. Future work should incorporate
BMS operation and balancing strategies into the modeling
framework to better capture system-level performance
over long-term timescales.

From economic perspective, to enhance the model’'s
accuracy, future research could integrate a dynamic recy-
cling value, providing a more realistic estimation of SLB
values. Additional research avenues could also delve into
exploring a broader spectrum of applications, encom-
passing both on-grid and off-grid scenarios. Expanding
the repertoire of potential use cases for SLBs would
enrich the versatility of the technoeconomic decision
support model.

This work has demonstrated the successful application
of our developed technoeconomic decision support model
in evaluating the economic viability of incorporating SLBs
into Stanford University’s EV bus charging station. It also
shows the adaptability of the proposed framework to
other battery chemistries, when the corresponding degra-
dation models and parameters are available.

A semi-empirical aging model is developed for LFP
batteries. Our simulations project that SLBs can endure
for up to 10 years under optimized working conditions
(<1C, 25°C, 20-80% SOC). Although the optimal operating
range of the SOC cannot be provided in this work due to
data limitations, this range is selected based on our
previous work [13] and partial experiment data. The
economic sensitivity analysis reveals that SLB’s initial SOH,
new battery price, and the duty cycle per day during the
second-life application significantly impact the SLB'’s value.
The potential cost reduction by employing SLBs instead
of new battery ranges from $20,000 to $150,000
throughout the second life under various scenarios. These
findings strongly advocate for SLB implementation as an
energy storage system for Stanford University’s EV bus
charging station. Overall, this case study underscores the
robustness of the technoeconomic decision support
model in practical applications.
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