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Abstract

Second-life electric vehicle (EV) batteries are increasingly recognized as valuable resources
for stationary energy storage. However, the heterogeneous degradation of retired batteries
makes reliable and application-oriented reuse decisions challenging. Existing studies pri-
marily focus on battery health estimation or degradation characterization, while limited
attention has been given to systematically translating experimentally measured health
indicators into practical second-life deployment decisions. To address this gap, this study
proposes an experimental multi-metric battery health assessment and decision-support
framework for application-oriented screening and reuse pathway allocation of retired EV
batteries. A total of 91 s life lithium-ion battery cells were experimentally characterized
through standardized laboratory charge-discharge testing. Multiple complementary health
indicators, including State of Health (SoH), discharge capacity, round-trip energy efficiency,
and voltage—current time-series characteristics, were extracted and statistically analyzed
to evaluate residual battery performance and degradation behavior. The experimental
results reveal substantial variability among retired batteries, with SoH values ranging from
approximately 22% to 96%, while more than half of the tested cells exhibit SoH below
60%. Furthermore, batteries with comparable SoH frequently demonstrate different energy
efficiencies, indicating that capacity retention alone is insufficient for reliable second-life bat-
tery assessment. Building upon these findings, a transparent rule-based decision-support
framework is developed to map experimentally measured battery health indicators to
application-oriented reuse pathways, including grid-support systems, residential energy
storage, backup applications, and recycling. The proposed framework establishes a practi-
cal bridge between laboratory battery characterization and deployment-oriented second-life
decision-making, providing an interpretable and experimentally grounded methodology
for scalable battery screening and sustainable reuse planning.

Keywords: second-life EV batteries; battery health assessment; state of health; round-trip
energy efficiency; reuse pathway classification; stationary energy storage

1. Introduction

The rapid expansion of the electric vehicle (EV) market has led to a significant increase
in the number of lithium-ion batteries reaching the end of their automotive service life [1].
Although these batteries are typically retired when their capacity decreases to approxi-
mately 70-80% of their original nominal value, they often retain sufficient residual capacity
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for use in less demanding stationary applications [2]. Consequently, second-life utilization
of retired EV batteries has attracted considerable attention as a promising strategy to reduce
battery waste, extend material value, and enable cost-effective energy storage solutions. In
addition to its economic benefits, battery repurposing supports circular economy principles
by promoting resource conservation, reducing environmental impact, and improving the
lifecycle sustainability of battery technologies [3].

Despite these advantages, the practical deployment of second-life batteries remains
challenging because retired batteries exhibit highly heterogeneous degradation characteris-
tics [4]. Battery ageing is governed by multiple degradation mechanisms, including loss
of active material, internal resistance growth, and parasitic side reactions, all of which are
influenced by operating conditions such as duty cycles, temperature exposure, and depth of
discharge [5]. Consequently, retired batteries demonstrate considerable variability in State
of Health (SoH), usable capacity, and round-trip energy efficiency [5]. This heterogeneity
complicates battery screening and reuse decision-making, making it difficult to reliably
determine the most suitable second-life application for individual batteries. Therefore,
reliable and comprehensive health assessment methodologies are essential not only for
identifying batteries suitable for reuse but also for distinguishing those that should be
directed toward recycling [6].

A substantial body of research has investigated battery degradation mechanisms, SoH
estimation techniques, and the technical feasibility of second-life applications. However,
many existing studies rely on limited experimental datasets, simulated degradation sce-
narios, or single-parameter evaluation approaches, most commonly capacity-based SoH
assessment. While these studies provide valuable insights into battery degradation, they
often evaluate health indicators independently and provide limited support for practical
reuse decision-making. In real-world second-life deployment, battery suitability depends
on multiple complementary performance indicators. For example, round-trip energy ef-
ficiency directly influences energy losses, heat generation, and operational cost, whereas
voltage and current characteristics provide additional insight into internal resistance growth
and electrochemical degradation [7]. Consequently, evaluating battery condition using a
single indicator may not adequately represent its residual functional capability for specific
second-life applications.

To address these limitations, this study experimentally characterizes a heterogeneous
population of retired EV batteries using a comprehensive set of complementary health
indicators. Standardized charge—discharge experiments are conducted under controlled
laboratory conditions to extract State of Health, maximum discharge capacity, round-
trip energy efficiency, and voltage—current time-series characteristics [8]. The resulting
dataset enables population-level statistical characterization, cross-metric analysis of bat-
tery degradation behavior, and systematic evaluation of relationships among multiple
health indicators.

Building upon these experimentally derived health indicators, this study further
develops an application-oriented battery screening framework for second-life deployment.
Rather than evaluating battery condition solely from an analytical perspective, the proposed
framework translates measured battery health characteristics into structured reuse pathway
recommendations. Based on the combined assessment of SoH, discharge capacity, and
round-trip energy efficiency, batteries are classified into application-oriented categories,
including grid-support systems, residential energy storage, backup applications, and
recycling. In this way, the framework establishes a practical link between laboratory battery
characterization and deployment-oriented decision-making, providing decision support
for industrial battery screening, repurposing, and lifecycle management.
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The primary contribution of this work is an experimentally grounded framework
for assessing heterogeneous retired EV batteries using multiple complementary health
indicators and systematically relating these indicators to application-oriented reuse deci-
sions. The study quantitatively examines the relationships among SoH, discharge capacity,
and round-trip energy efficiency, demonstrating that capacity retention alone does not
fully characterize residual battery performance. By integrating experimentally measured
capacity-based and energy-based indicators within a transparent and interpretable classifi-
cation methodology, the proposed framework provides a practical approach for supporting
scalable second-life battery screening and reuse pathway determination. Rather than
proposing a new predictive model or learning-based algorithm, this work addresses an
important practical gap by bridging comprehensive laboratory battery characterization
with application-oriented second-life deployment decisions.

2. Related Work

Second-life utilization of electric vehicle (EV) batteries has attracted increasing research
attention in recent years, driven by the rapid global expansion of EV adoption and the
resulting accumulation of retired traction batteries [9]. Previous studies have investigated
this topic from multiple perspectives, including battery degradation characterization, State
of Health (SoH) estimation, second-life application feasibility, and ageing model develop-
ment. These studies have significantly advanced the understanding of battery degradation
and repurposing strategies. However, existing research has largely addressed these aspects
independently, while comparatively limited attention has been given to integrating experi-
mentally derived battery health indicators into a unified framework that directly supports
application-oriented second-life deployment decisions using heterogeneous retired EV
battery populations.

2.1. Degradation Characterization and State of Health Estimation

A substantial body of research has focused on estimating battery SoH for both on-
board monitoring and laboratory diagnostics [10]. Existing approaches commonly rely on
individual degradation indicators, including capacity fade, internal resistance growth, and
incremental capacity analysis. Among these, capacity-based SoH estimation remains one
of the most widely adopted methods because of its simplicity and clear physical interpre-
tation [11]. Nevertheless, capacity alone does not fully characterize battery degradation,
as it does not adequately reflect changes in round-trip energy efficiency, voltage stability,
energy losses, or thermal behavior that directly influence operational performance [12].

Another limitation of many reported SoH estimation studies is their reliance on
simulated degradation trajectories or relatively small and homogeneous experimental
datasets. Although these studies provide valuable insights into battery ageing, they may
not adequately represent the diverse operational histories and degradation characteristics
of retired EV batteries intended for second-life deployment [13].

Recent research has further explored the integration of second-life batteries into
broader energy systems. Studies on multi-station EV charging networks have highlighted
the operational challenges associated with load balancing and energy management when
second-life batteries are incorporated into charging infrastructure [14]. Likewise, hybrid
photovoltaic-battery systems have demonstrated the technical feasibility and economic po-
tential of utilizing second-life batteries for stationary energy storage applications [15]. While
these studies demonstrate promising application scenarios, they generally assume that
battery suitability has already been determined and therefore provide limited guidance on
how heterogeneous retired batteries should be systematically screened before deployment.
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Impedance-based diagnostic techniques, particularly electrochemical impedance spec-
troscopy (EIS), have also been extensively investigated for battery health assessment [16].
EIS provides detailed information on internal resistance, charge-transfer processes, and
electrochemical kinetics, enabling the identification of degradation mechanisms that cannot
always be inferred from capacity measurements alone [17]. However, impedance-based
methods typically require specialized instrumentation, longer testing durations, and more
sophisticated analysis procedures, limiting their suitability for high-throughput battery
screening [18]. Consequently, there remains practical interest in assessment methodolo-
gies based on standardized charge-discharge measurements that can be more readily
implemented for large-scale evaluation of retired batteries.

2.2. Second-Life Application Feasibility Studies

Recent advances in machine learning and deep learning have significantly improved
battery SoH estimation [19]. Methods utilizing incremental energy or state-of-charge
(SOC) features combined with machine learning algorithms have demonstrated enhanced
sensitivity to battery degradation behavior [20]. Furthermore, deep learning architectures
such as convolutional neural networks (CNNs), long short-term memory (LSTM) networks,
and related variants have achieved high estimation accuracy by effectively modelling
temporal characteristics of battery data [21].

More recently, transformer-based architectures, including Vision Transformers, to-
gether with hybrid approaches combining fractional-order equivalent circuit models and
data-driven learning, have further improved prediction accuracy under complex operating
conditions [22]. Attention mechanisms and hybrid neural network structures have also
enhanced feature extraction and model robustness for battery health prediction [23].

Although these approaches provide powerful predictive capabilities, they are primar-
ily designed for SoH estimation and typically require large, labelled datasets for model
development. Their primary objective is accurate prediction rather than practical decision
support for allocating heterogeneous retired batteries to appropriate second-life applica-
tions. In contrast, the present study focuses on experimentally measured battery health
indicators and their systematic interpretation through an application-oriented classifica-
tion framework that supports practical battery screening without requiring predictive
model training.

A parallel research direction has focused on evaluating the feasibility of specific
second-life applications, including residential energy storage, renewable energy integra-
tion, uninterruptible power supply systems, and microgrid support [24]. Many of these
studies assess feasibility using nominal battery specifications or assumed performance
characteristics rather than experimentally measured health conditions [25]. Moreover, most
investigations evaluate batteries within a single application scenario and do not consider
how batteries exhibiting different degradation characteristics may be allocated across mul-
tiple second-life applications [26]. Consequently, a practical gap remains between battery
health assessment and application-oriented deployment decision-making.

2.3. Ageing Models and Their Limitations for Practical Second-Life Battery Screening

Extensive research has also been devoted to electrochemical, empirical, and semi-
empirical models describing lithium-ion battery ageing [27]. These models improve under-
standing of degradation mechanisms, including solid electrolyte interphase growth, lithium
inventory loss, and active material degradation. However, they are generally developed
using controlled laboratory experiments and relatively homogeneous battery populations.
In practical applications, retired EV batteries experience diverse operating conditions,
cycling histories, and environmental exposures, resulting in substantially heterogeneous
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behavior [28]. Consequently, simulation-based ageing models require validation using
experimentally characterized retired batteries before they can reliably support practical
second-life deployment decisions.

Table 1 summarizes representative studies on second-life EV batteries and highlights
the research gaps addressed in this work. Existing research has contributed significantly
to battery degradation analysis, SoH estimation, simulation-based ageing models, energy
efficiency assessment, machine learning prediction, application feasibility evaluation, and
impedance-based diagnostics. However, comparatively fewer studies have combined large-
scale experimental battery characterization with multi-metric health assessment and an
application-oriented decision framework that directly supports systematic reuse pathway
allocation for heterogeneous retired EV batteries. The comparison presented in Table 1
provides the foundation for the research gaps discussed in the following subsection.

Table 1. Representative studies related to second-life EV battery characterization and the specific
research gaps addressed in this work.

Study Focus Main Contribution Limitation/Research Gap Ref.
L Primarily focused on capacity or
SoH estimation Ste?te of Hea.lth estimation impedance indicators with limited
. : using capacity or impedance . . [29]
(capacity /resistance) integration of complementary
measurements .
performance metrics
Empirical and electrochemical = Limited experimental validation
Simulation ageing models  models for predicting battery ~ using large, heterogeneous retired [30]
ageing EV battery populations
. . Lack of integrated analysis
Energy efficiency studies Analysis O.f < harge—d1scharge combining SoH, capacity, and [31]
energy efficiency behavior efficiency
. Laboratory testing on a Limited statistical significance and
Small-scale experimental . .
datasets limited number of battery cells representativeness of real battery [32]
(typically fewer than 20) populations
Evaluation of batter Limited linkage between
Second-life feasibility N Y experimentally measured battery
. suitability for specific oo . [33]
analysis . L health and application-oriented
second-life applications allocation
. . Neural network and Often focused on predictive
Machine learning SoH . her th ical
rediction regression-based SoH accuracy rather than practical reuse [34]
p estimation models pathway determination
Impedance and advanced Use of impedance . Require spec1ah.zc‘ed. equipment and
diagnostic mefhods spectroscopy and signal-based complex analysis; limited [35]
health indicators scalability
Limited focus on cell-level
Pack and module-level Assessment of battery packs variability and individual cell [36]

studies

and modules

performance

Our work

Experimental characterization
of 91 retired EV cells using
multi-metric health indicators
and reuse pathway
classification

Integrates experimentally
measured SoH, discharge capacity,
and efficiency into an interpretable
reuse pathway classification
framework

As summarized in Table 1, existing studies have typically focused on isolated aspects of
second-life battery analysis, including SoH estimation, ageing simulation, techno-economic
assessment, impedance diagnostics, or application feasibility evaluation. However, rela-
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tively few investigations combine experimentally measured multi-metric health charac-
terization with direct application-oriented reuse pathway allocation using heterogeneous
retired EV batteries. The present study specifically addresses this intersection by integrating
experimentally derived SoH, discharge capacity, and round-trip efficiency indicators into a
transparent classification framework for second-life deployment screening.

2.4. Identified Research Gaps

Based on the reviewed literature, several important research gaps remain in the
assessment and practical deployment of second-life EV batteries.

First, many existing studies rely primarily on a single health indicator, most commonly
capacity-based State of Health (SoH), without incorporating complementary performance
metrics such as discharge capacity and round-trip energy efficiency. Although SoH provides
a useful measure of capacity retention, it does not fully capture the functional performance
of aged batteries. Consequently, batteries exhibiting similar SoH values may differ substan-
tially in energy efficiency, voltage stability, and operational capability, increasing the risk of
inaccurate second-life suitability assessment.

Second, large-scale experimental investigations using heterogeneous populations
of retired EV batteries remain relatively limited. Numerous studies rely on simulated
degradation profiles, newly manufactured batteries, or relatively small laboratory datasets,
which may not adequately represent the diverse ageing characteristics encountered in
practical second-life applications. As a result, the applicability of many existing assessment
approaches to real-world battery repurposing remains insufficiently validated.

Third, although battery health indicators such as SoH, discharge capacity, and round-
trip energy efficiency have each been widely investigated, their integrated evaluation
remains relatively limited. These indicators reflect different aspects of battery degradation
and provide complementary information regarding residual battery performance. Evaluat-
ing them independently may therefore overlook important characteristics that influence
battery suitability for second-life deployment.

Fourth, relatively few studies establish a systematic framework that translates exper-
imentally measured battery health indicators into application-oriented reuse decisions.
Existing research commonly focuses on battery characterization, degradation analysis,
or application feasibility independently, without explicitly connecting experimentally
derived battery condition to structured reuse pathway allocation. Consequently, a prac-
tical gap remains between laboratory battery characterization and deployment-oriented
decision-making.

Collectively, these research gaps highlight the need for an experimentally validated
and practically applicable assessment framework capable of integrating multiple com-
plementary health indicators while supporting systematic second-life battery screening.
Although previous studies have made significant contributions to SoH estimation, degra-
dation analysis, ageing simulation, techno-economic evaluation, and application feasibility
assessment, comparatively fewer studies combine comprehensive experimental characteri-
zation with application-oriented decision support for heterogeneous retired EV batteries.

Motivated by these gaps, the present study experimentally evaluates 91 retired EV
battery cells under standardized laboratory conditions and extracts multiple complemen-
tary health indicators, including State of Health, discharge capacity, and round-trip energy
efficiency. Building upon these experimentally derived indicators, the study performs
cross-metric statistical analysis and develops a transparent classification framework that
systematically relates battery health characteristics to application-oriented reuse pathways.
Rather than proposing a new predictive or learning-based model, the study aims to pro-
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vide an experimentally grounded and practically interpretable methodology that supports
scalable second-life battery screening and deployment decisions.

3. Methodology

This section presents the integrated methodological framework developed for the
health characterization and application-oriented reuse allocation of second-life electric vehi-
cle (EV) batteries. The proposed framework combines standardized charge-discharge exper-
imentation, time-series signal acquisition, data preprocessing and validation, multi-metric
health indicator extraction, statistical degradation assessment, and rule-based decision-
making within a unified evaluation architecture.

Unlike conventional battery assessment approaches that rely primarily on a sin-
gle degradation indicator, the proposed methodology integrates capacity-related and
energy-related performance indicators to provide a more comprehensive representa-
tion of residual battery condition. Discharge capacity and the derived State of Health
(SoH) quantify remaining energy-storage capability, while round-trip energy efficiency
captures energy losses associated with internal degradation processes and operational
performance limitations.

Following experimental characterization, the acquired voltage and current signals
are processed and analyzed to extract key health-related indicators describing battery
degradation behavior and residual performance capability. Statistical and cross-metric
analyses are subsequently performed to evaluate indicator distributions, interrelationships,
and variability across the battery population. Based on the combined evaluation results, a
multi-metric decision engine is employed to classify batteries according to their residual
functional characteristics and allocate them to suitable second-life application pathways.

The proposed framework supports application-oriented reuse allocation for multiple
deployment scenarios, including grid-support systems, residential energy storage systems,
backup or low-rate applications, and recycling pathways for severely degraded batter-
ies. By integrating experimental assessment with systematic decision-support logic, the
methodology establishes a practical and scalable framework for reliable second-life battery
screening and deployment.

The overall integrated system-level framework adopted in this study is illustrated in
Figure 1.

Figure 1 illustrates the complete workflow of the proposed multi-metric battery health
assessment and reuse pathway classification framework. The process begins with experi-
mental charge—discharge testing of second-life EV batteries under controlled laboratory
conditions. Voltage, current, capacity, and energy measurements are continuously acquired
and stored as high-resolution time-series data. These raw measurements are subsequently
subjected to preprocessing and validation procedures to remove incomplete records, iden-
tify anomalous measurements, and improve data quality.

Following preprocessing, key battery health indicators are extracted, including dis-
charge capacity, State of Health (SoH), and round-trip energy efficiency. These indicators
provide complementary information regarding capacity retention, energy losses, and over-
all battery performance. Statistical analysis is then performed to investigate the distribution
of degradation characteristics across the battery population and to evaluate relationships
among the extracted health indicators.

Finally, the derived health metrics are supplied to a multi-metric decision engine,
which applies the proposed classification rules to determine the most suitable second-
life deployment pathway for each battery. Based on the combined evaluation of SoH
and efficiency-related performance characteristics, batteries are allocated to application
categories including grid-support systems, residential energy storage, backup applications,
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or recycling. This sequential workflow establishes a direct connection between experimental
battery characterization and practical reuse decision-making.
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Figure 1. Integrated system-level framework for multi-metric health assessment and application-
oriented reuse allocation of second-life EV batteries.

3.1. Experimental Testing and Data Acquisition

A total of 91 s life lithium-ion EV battery cells were experimentally evaluated in this
study. The tested cells were obtained from retired electric vehicle battery packs through
an academic—industry collaboration with a battery repurposing partner. All batteries
originated from commercial EV systems that had reached end-of-service conditions for
automotive applications. Due to confidentiality agreements, detailed information regarding
vehicle manufacturers, models, and operational histories cannot be disclosed. Nevertheless,
the dataset represents a heterogeneous retired battery population subjected to diverse

https://doi.org/10.3390/batteries12070265


https://doi.org/10.3390/batteries12070265

Batteries 2026, 12, 265

9 of 35

real-world operating conditions, including variations in cycle aging, depth of discharge,
and calendar aging duration.

Although detailed vehicle operating histories, manufacturer information, and usage
records could not be disclosed due to confidentiality agreements, all tested cells originated
from retired EV battery systems with comparable electrochemical characteristics and nom-
inal specifications. Consequently, the statistical analysis was performed on a relatively
homogeneous battery population, allowing meaningful comparison of residual health
characteristics despite the absence of detailed first-life operational information.

All experiments were conducted in a controlled laboratory environment at 25 +2 °C.
The tested cells are lithium-ion EV battery cells with a nominal rated capacity of 180 Ah.
A calibrated laboratory-grade battery testing system (Neware BTS series) was used for
all charge—discharge experiments, providing voltage measurement accuracy of +0.05%
and current measurement accuracy of £0.1%. The testing system was calibrated prior to
experimentation according to manufacturer procedures to ensure measurement accuracy
and traceability.

The tested cells were operated under constant-current charge and discharge conditions,
with observed current levels of approximately £14.4 A and voltage operating limits ranging
from approximately 2.8 V to 3.65 V. These profiles illustrate the standardized cycling
conditions used for battery characterization and health assessment.

Each battery was subjected to constant-current charging followed by constant-current
discharging within manufacturer-specified voltage limits. The experimental design was
intended to establish a standardized characterization framework for evaluating the residual
functional performance of retired EV batteries for potential stationary second-life appli-
cations. Rather than emulating a specific operational profile, such as grid support or low-
speed electric vehicle duty cycles, the experiments were designed to obtain consistent and
comparable measurements of intrinsic battery health characteristics, including discharge
capacity, round-trip energy efficiency, voltage stability, and energy delivery capability.

Voltage, current, capacity, and energy were continuously recorded throughout each
charge-discharge cycle using a sampling interval of 1 s. This sampling resolution is
consistent with standard laboratory practices for lithium-ion battery characterization and
enables accurate numerical integration of current and power signals for capacity and energy
computation. The recorded variables are summarized in Table 2.

Table 2. Recorded experimental variables.

Variable Description
V(t) Terminal voltage as a function of time
I(t) Charge and discharge current as a function of time
Cumulative capacity Charge and discharge capacity
Energy Charge and discharge energy

The duration of individual charge-discharge cycles varied according to the State of
Health and remaining capacity of each battery cell. Under the applied constant-current
protocol, complete charge-discharge cycles typically ranged from approximately 1.5 to 3 h,
with more degraded cells generally exhibiting shorter discharge durations due to earlier
voltage cutoff conditions.

The combination of controlled environmental conditions and high-resolution time-
series acquisition enabled reliable extraction of battery health indicators, including dis-
charge capacity, energy efficiency, and voltage-response characteristics for subsequent
statistical analysis and reuse pathway classification.
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3.2. Data Preprocessing and Validation

The experimental datasets consisted of high-resolution time-series measurements of
voltage, current, capacity, and energy acquired during charge—discharge testing. Prior
to analysis, a structured preprocessing and validation procedure was implemented
to ensure data reliability, internal consistency, and suitability for quantitative battery
health assessment.

All charge-discharge records were first screened to identify incomplete, prematurely
terminated, or instrument-interrupted cycles. Such records were excluded to prevent
inaccuracies in capacity and energy calculations. Measurements exhibiting physically
implausible behavior or exceeding operational limits, including abnormal voltage values
or irregular current signals, were identified as outliers and removed from further analysis.

Specifically, abnormal records were identified according to three criteria. First, charge-
discharge cycles that were incomplete, prematurely terminated, or interrupted due to
equipment communication or acquisition errors were excluded. Second, measurements
exhibiting physically implausible voltage or current behavior, including abrupt signal
discontinuities, missing data segments, or values outside the operational limits defined
by the testing protocol, were classified as outliers. Third, derived performance indicators
producing physically unrealistic results, such as round-trip energy efficiency values ex-
ceeding the theoretical limit of 100%, were flagged for additional validation and treated as
potential measurement or preprocessing anomalies. These quality-control procedures were
implemented to ensure the reliability and consistency of the dataset used for subsequent
statistical analysis and battery health classification.

To reduce the influence of measurement noise while preserving the underlying elec-
trochemical response, a moving-average smoothing filter was applied to the voltage and
current time-series signals. The filtered data were subsequently segmented into charge, dis-
charge, and rest phases using threshold-based analysis of the current waveform. For each
valid discharge segment, the start and end points were automatically identified according
to current transitions and voltage cut-off conditions.

A moving-average filter with a window size of 10 samples was applied to both voltage
and current measurements. Given the sampling interval of 1 s, this corresponds to a
smoothing window of 10 s. The selected window size was sufficient to suppress high-
frequency measurement noise while preserving the overall charge-discharge behavior and
voltage-response characteristics required for battery health assessment.

Following preprocessing and quality screening, the validated charge—discharge cycles
were retained for feature extraction. For each battery cell, a consolidated dataset was
generated containing discharge capacity, computed State of Health (SoH), round-trip energy
efficiency, and additional derived performance indicators. This processed dataset formed
the basis for the statistical analysis, correlation evaluation, multi-metric classification, and
reuse pathway determination presented in the subsequent sections.

All battery cells were tested under identical experimental protocols and sampling
conditions to ensure consistency and comparability across the dataset.

In addition, calculated round-trip energy efficiency values exceeding 100% were
flagged as potential measurement or preprocessing anomalies and were separately exam-
ined during the statistical validation stage to assess their influence on the overall analysis.

3.3. Mathematical Formulation for Health Estimation

This subsection presents the mathematical formulations used to derive the key health
indicators of second-life lithium-ion batteries. These indicators include discharge capacity,
charge-discharge energy, State of Health (SoH), and round-trip energy efficiency.
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The discharge capacity is obtained from the time integral of the discharge current:

ta
Cais = /t Lyis () dt (1)
1
where t; and f; denote the start and end of the discharge period. Numerical integration is
carried out using discrete sampled current measurements.
The charge or discharge of energy is calculated from the product of instantaneous
voltage and current:

E= /ttz V() I(t) dt @)

which reflects both voltage behavior and ohmic losses due to internal resistance. The State
of Health (SoH) is defined based on capacity retention:

SoH(%) = —95_ % 100 ©)

where Cpaeq = 180 Ah is the nominal rated capacity of the tested cells.
The round-trip energy efficiency is given by:

Ne(%) = Edis 109 (4)
Ecn
and reductions in # are associated with resistive, kinetic, and thermal energy losses.

In addition to the primary health indicators defined above, several quantitative fea-
tures were extracted from the voltage and current time-series profiles to characterize degra-
dation behavior. The maximum discharge capacity and discharge energy were obtained
through numerical integration, providing direct measures of charge storage capability and
usable energy. The round-trip energy efficiency captures energy losses associated with
internal resistance and electrochemical inefficiencies.

Furthermore, voltage profile characteristics were evaluated, including average dis-
charge voltage and discharge duration. Degraded batteries typically exhibit lower average
operating voltage and shorter discharge duration due to increased internal resistance and
earlier voltage cutoff. These parameters provide additional quantitative indicators of
battery degradation and complement the capacity-based State of Health metric.

In addition to the primary health indicators, degradation-sensitive quantitative fea-
tures were extracted from the time-series voltage and current profiles. Maximum discharge
capacity reflects loss of active lithium inventory and electrode degradation. Discharge
energy and round-trip energy efficiency capture energy losses associated with internal
resistance growth and polarization effects.

Voltage profile characteristics were also evaluated. Degraded batteries typically ex-
hibit lower average discharge voltage and steeper voltage decline under constant current
conditions due to increased internal resistance and reduced voltage stability. Discharge
duration and usable energy delivery capability were also analyzed, as degraded batteries
reach the cutoff voltage earlier. These extracted parameters provide quantitative indicators
of degradation and establish a direct link between time-series behavior and underlying
electrochemical degradation mechanisms.

The health indicators selected in this study were chosen because they directly reflect
key functional degradation mechanisms relevant to second-life battery deployment. State
of Health and maximum discharge capacity quantify the remaining charge storage capa-
bility, while round-trip energy efficiency captures internal resistance growth and energy
dissipation during operation. Voltage profile behavior provides additional insight into
polarization effects, voltage stability, and energy delivery performance under load. To-
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gether, these parameters provide a complementary evaluation of both capacity-related and
energy-related degradation characteristics.

The selection of discharge capacity, State of Health (SoH), and round-trip energy
efficiency was motivated by their established relationship with major lithium-ion battery
degradation processes reported in the literature. Capacity loss is commonly associated
with degradation mechanisms such as loss of active lithium inventory, growth of the
solid electrolyte interphase (SEI), and active material degradation, all of which reduce
the amount of charge that can be stored and delivered by the battery. Consequently,
discharge capacity and the derived SoH metric are widely used indicators of remaining
energy-storage capability.

Round-trip energy efficiency provides complementary information because it is in-
fluenced by internal resistance growth, polarization effects, and irreversible energy losses
occurring during charge—discharge operation. As batteries age, increased resistance and
electrochemical inefficiencies typically result in lower energy efficiency, even in cases where
capacity retention remains relatively acceptable. Therefore, efficiency degradation may re-
veal performance limitations that are not fully captured by capacity-based indicators alone.

It is acknowledged that battery ageing is governed by complex and interacting electro-
chemical mechanisms whose precise evolution depends on operating conditions, tempera-
ture history, cycling behavior, and battery chemistry. Since detailed historical operating
records, electrochemical impedance measurements, and post-mortem material characteri-
zation were not available for the retired batteries investigated in this study, direct identi-
fication of specific degradation mechanisms was beyond the scope of the work. Instead,
the proposed framework focuses on experimentally measurable performance indicators
that serve as practical proxies for overall battery condition and second-life suitability. This
approach is consistent with industrial battery screening practices, where rapid and scalable
assessment methods are often preferred over detailed mechanistic diagnostics.

Equivalent Full Cycle (EFC)-based lifetime assessment methods have also been widely
reported in the literature for battery degradation evaluation. However, EFC estimation
typically requires detailed historical cycling records or long-term operational datasets,
which were unavailable for the heterogeneous retired EV batteries analyzed in this study.
Since the objective of the present work is practical screening and classification of already
retired batteries using experimentally measurable indicators, the proposed framework
relies on directly observable charge—discharge performance metrics rather than historical
cycle-count reconstruction.

Internal resistance is widely recognized as an important degradation indicator be-
cause it directly influences power capability, voltage drop, heat generation, and energy
efficiency. However, direct resistance measurements, such as DC internal resistance testing
or electrochemical impedance spectroscopy (EIS), were not available within the experi-
mental protocol used in this study. Consequently, resistance-based diagnostics could not
be incorporated into the proposed framework. Nevertheless, round-trip energy efficiency
was included as a complementary performance indicator because efficiency degradation
is strongly influenced by internal resistance growth and associated energy losses dur-
ing charge—discharge operation. Future work may extend the framework by integrating
resistance- or impedance-based diagnostics to provide a more comprehensive assessment
of second-life battery condition.

3.4. Health Classification Rules

To support practical interpretation of the measured indicators and enable application-
oriented decision-making, the tested batteries were grouped into discrete health categories.
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Classification thresholds were selected based on commonly accepted practices in electric
vehicle warranty policies and second-life deployment guidelines.

The State of Health (SoH) thresholds adopted in this study are consistent with widely
accepted industry and research standards. Lithium-ion batteries are typically considered to
have reached automotive end-of-life when their capacity falls below approximately 70-80%
of the nominal value, as this level no longer satisfies vehicle performance requirements.
Batteries with SoH above 80% are generally regarded as suitable for demanding second-
life applications, while those between 60% and 80% remain viable for less demanding
stationary applications such as residential storage and backup systems. Batteries below
60% SoH are commonly considered unsuitable for most reuse scenarios and are directed
toward recycling. The classification ranges used in this work (>90%, 80-90%, 60-80%, and
<60%) provide a finer subdivision within these established ranges to enable more detailed
application mapping.

Similarly, the round-trip energy efficiency thresholds were defined based on both
literature-reported performance ranges and the statistical distribution of the experimental
dataset. Previous studies have reported typical efficiency ranges of approximately 80-95%
for lithium-ion batteries depending on degradation state and operating conditions [25,26].
In the present dataset, most batteries exhibited efficiencies between 80% and 90%, and
therefore efficiency values above 90% were classified as high efficiency, values between 80%
and 90% as moderate efficiency, and values below 80% as low efficiency. This approach
ensures that the efficiency classification reflects both experimentally observed performance
and established operational benchmarks.

The combined SoH and efficiency classification provides a quantitative basis for reuse
pathway determination by distinguishing batteries with sufficient capacity and acceptable
energy efficiency from those with significant degradation and elevated internal losses.

Based on the calculated State of Health (SoH) values, the tested batteries were classified
into four health categories, as summarized in Table 3.

Table 3. SoH-based battery health classification.

Category SoH Range Description
Excellent SoH > 90% Performance close to the fresh state with minimal degradation

Good 80% < SoH < 90% Slightly aged but suitable for demanding second-life applications
Moderate 60% < SoH < 80% Noticeable capacity loss, but functional for low-rate or long-duration uses
End-of-life SoH < 60% Below the automotive warranty threshold and unsuitable for most reuse applications

An analogous four-level classification was applied to round-trip energy efficiency to
capture losses associated with internal resistance, side reactions, and hysteresis effects.
While SoH primarily reflects capacity fade, efficiency is more sensitive to resistive and
kinetic degradation mechanisms. Using both metrics enables a richer description of battery
condition than either indicator alone.

Cross-classifications of SoH class and the efficiency class were subsequently performed.
This two-dimensional assessment distinguishes, for example, batteries that retain capacity
but suffer from high internal losses from those that exhibit capacity fade while maintaining
acceptable efficiency. This multi-metric strategy is central to the proposed methodology, as
it avoids false health attribution arising from reliance on a single degradation indicator.

The classification thresholds used in this study are based on established electric-
vehicle battery retirement criteria and on second-life application feasibility reported in
the literature. Lithium-ion batteries are commonly retired from automotive applications
when their capacity falls below approximately 70-80% of nominal value, but they may
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remain technically suitable for less demanding stationary applications such as residential
storage and backup systems. Batteries with higher State of Health and efficiency are better
suited for applications requiring higher performance and reliability, while those with lower
health indicators are more appropriate for low-rate or backup applications. Therefore, the
classification ranges used in this work provide a practical and technically justified basis for
reuse pathway determination.

The proposed reuse pathway mapping is intended as an initial screening framework
that links experimentally measured health indicators to general application suitability
based on performance capability. Final deployment decisions would require additional
system-level validation under specific operating conditions.

It should be emphasized that the proposed methodology is not intended to introduce
a new electrochemical degradation diagnostic model or predictive reuse optimization algo-
rithm. Instead, the contribution of this work lies in the experimentally grounded integration
of multiple complementary battery health indicators into a transparent and application-
oriented screening methodology for heterogeneous retired EV batteries. The framework
is therefore intended as a practical decision-support approach for preliminary second-life
battery assessment rather than a fully validated deployment optimization model.

The proposed reuse pathway classification is consistent with established application
categories defined in battery energy storage system (BESS) standards and industrial practice.
According to international standards such as IEC 62933, repurposed lithium-ion batteries
are commonly deployed in grid support services (e.g., frequency regulation and peak load
management), residential energy storage systems, and backup or uninterruptible power
supply applications.

These applications impose different technical requirements on battery performance.
Grid-support applications typically require high power capability, rapid response, and high
round-trip energy efficiency to ensure effective participation in grid services. Residential
energy storage systems operate under moderate load conditions and prioritize energy
capacity and cycle life. Backup power applications generally involve low discharge rates
and emphasize reliability rather than high efficiency or power density.

The classification framework proposed in this study aligns with these application-
specific requirements by linking higher State of Health and efficiency to high-performance
applications while assigning moderately degraded batteries to less demanding use cases.
Batteries with low capacity and efficiency are directed toward recycling, consistent with
industry practices for end-of-life battery management.

It should be emphasized that the proposed framework provides preliminary screen-
ing and decision-support methodology based on experimentally measured battery health
indicators. The assigned reuse pathways represent application-oriented suitability rec-
ommendations rather than validated deployment outcomes. Practical implementation
would require additional application-specific testing, long-term cycling assessment, safety
evaluation, and techno-economic analysis before final deployment decisions can be made.

Figure 2 illustrates the mapping between battery health classes and recommended
second-life applications based on the proposed multi-metric classification framework.
Batteries with higher State of Health are allocated to more demanding applications such
as grid support and residential storage, while moderately degraded batteries are assigned
to lower power uses such as backup systems. Severely degraded batteries are directed
toward recycling and material recovery. This mapping links experimentally measured
health indicators to practical reuse pathway determination.
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Figure 2. Health-class application mapping of second-life EV batteries based on multi-metric classifi-
cation.

For clarity, the deterministic classification procedure can be represented as the follow-
ing mapping function:
f:(SoH, n) — C

where SoH represents the State of Health, n denotes the round-trip energy efficiency, and
C € {Grid-support, Residential storage, Backup, Recycling} is the assigned application class.

This formulation highlights that the proposed method is a deterministic multi-
parameter classification approach based on experimentally derived health indicators, en-
abling consistent and interpretable allocation of batteries to application categories.

Different second-life applications impose distinct performance requirements on bat-
tery systems. Grid-support applications, such as frequency regulation and peak shaving,
typically require high power capability (moderate-to-high C-rate), fast response, and high
round-trip efficiency to ensure effective energy delivery and minimal losses. Residential
energy storage systems operate under moderate power demand and emphasize usable
energy capacity and cycle life. Backup or uninterruptible power supply applications gen-
erally involve low discharge rates (low C-rate) and prioritize reliability over efficiency or
high-power performance.

The classification proposed in this study is aligned with these general requirements
by associating higher State of Health and energy efficiency with applications requiring
higher performance while assigning moderately degraded batteries to lower-demand use
cases. However, it should be emphasized that this mapping represents an engineering-
informed hypothesis based on performance alignment, rather than a validated assignment
of batteries to specific applications. Comprehensive validation would require application-
level testing, including dynamic load profiles, cycle life assessment, and techno-economic
analysis, which are beyond the scope of the present study.
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3.5. Contribution Relative to the Existing Literature

Table 4 complements the graphical illustration by providing a structured comparison
between representative categories of existing studies and the present work. For each cat-
egory, the typical limitation reported in the literature is compared with the scope of the
proposed framework. Rather than introducing a new battery degradation model or predic-
tive algorithm, this study addresses a practical research gap by integrating experimentally
derived battery health indicators into a unified assessment framework that directly sup-
ports application-oriented second-life battery screening. The comparison demonstrates
that the contribution of this work arises from the systematic combination of comprehensive
experimental characterization, complementary health indicator analysis, and interpretable
reuse pathway determination within a single decision-support methodology.

Table 4. Novelty of the present study relative to the existing literature.

Study Category Typical Limitation in Prior Work Our Work Addresses It by
Capacity-retention and
oo . Efficiency, energy losses, and load energy-performance indicators: discharge
Capacity-only SoH studies [29] performance ignored capacity, derived SoH, and round-trip
efficiency.
Simulation or model-only studies [30] No Ve.rlﬁcatlon on real retired EV All results base.cl on 91 experimentally
batteries tested second-life cells

Small-sample experiments [32]

Analysis of a large heterogeneous

Too few samples to capture variability retired-cell population

Distribution-only reporting [37]

Statistics not connected to real Mapping health metrics to concrete
applications second-life applications

Single-application evaluation [38] Only one market segment assessed

Assessment of grid support, residential
storage, telecom backup, and recycling

Single-indicator degradation studies [39]

Hidden failure risk when indicators Cross-classification of SoH and efficiency
diverge to reveal hidden degradation states

The primary contribution of this study is the development of an experimentally
grounded framework that systematically relates complementary battery health indicators to
application-oriented second-life deployment decisions. Using a heterogeneous population
of 91 retired EV battery cells, the study evaluates the relationships among State of Health,
discharge capacity, and round-trip energy efficiency to investigate how different health
indicators collectively describe residual battery performance. The results demonstrate that
batteries with comparable capacity retention may exhibit substantially different energy
efficiency characteristics, indicating that State of Health alone does not always provide
sufficient information for practical reuse assessment.

Building upon these observations, the proposed framework integrates experimentally
measured health indicators within a transparent classification methodology to support
structured reuse pathway allocation. Rather than evaluating battery degradation solely
from an analytical perspective, the framework translates laboratory-derived battery health
characteristics into interpretable recommendations for grid-support systems, residential
energy storage, backup applications, and recycling. In this way, the study establishes
a practical connection between experimental battery characterization and deployment-
oriented decision support for second-life battery utilization.

It should be emphasized that the contribution of this work lies in the proposed assess-
ment methodology rather than in the development of a new predictive model, machine
learning algorithm, or electrochemical degradation model. Instead, the framework pro-
vides a practical and experimentally validated approach for systematically interpreting
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complementary battery health indicators to support scalable second-life battery screening
and reuse pathway determination.

A limitation of the present study is that the selected health indicators provide an
indirect assessment of degradation behavior rather than direct identification of specific elec-
trochemical ageing mechanisms. Future work may incorporate impedance spectroscopy,
incremental capacity analysis, differential voltage analysis, or post-mortem material char-
acterization to establish stronger links between observed performance degradation and the
underlying electrochemical ageing processes.

4. Results
4.1. Overview of the Tested Battery Population

The experimental dataset consists of 91 s life EV battery cells obtained from retired
automotive battery systems with heterogeneous first-life operating histories. For each
battery cell, multiple health-related indicators were extracted, including State of Health
(SoH), discharge capacity, round-trip energy efficiency, and voltage—current time-series
characteristics. Collectively, these complementary indicators provide a comprehensive
representation of residual battery condition by capturing both capacity-related and energy-
related degradation behavior.

Table 5 summarizes the descriptive statistics of SoH and round-trip energy efficiency
for the evaluated battery population. The SoH values range from approximately 22% to 96%,
with a mean of 63.6% and a standard deviation of 16.3%. This broad distribution indicates
that the dataset encompasses batteries at substantially different stages of degradation,
ranging from severely degraded cells to units retaining relatively high residual capacity.
Furthermore, the interquartile range shows that 50% of the tested batteries exhibit SoH
values between approximately 53% and 75%, highlighting the considerable variability
typically encountered in retired EV battery populations.

Table 5. Descriptive statistics of State of Health and round-trip energy efficiency for all tested batteries.

Statistic SoH (%) Efficiency (%)

Count 91 91

Mean 63.6 83.7
Standard deviation 16.3 8.7
Minimum 221 48

25th percentile 53.2 81.7
Median 57.4 84.3

75th percentile 75.2 86.6

Maximum 96.4 116.3

Round-trip energy efficiency ranges from approximately 48% to 116%, with an average
value of 83.7%. A small number of calculated efficiency values exceeded the theoretical
upper limit of 100%, which is physically unrealistic. These anomalous observations are most
likely attributable to cumulative measurement uncertainty, numerical integration sensitivity,
and charge—discharge segmentation inconsistencies during data preprocessing rather than
actual battery behavior. To evaluate their influence, additional statistical verification was
performed by comparing the overall distribution characteristics and classification outcomes
with and without these samples. No significant differences were observed, indicating
that the anomalous values did not materially affect the principal findings of this study.
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Nevertheless, these observations are acknowledged as a limitation of the experimental
dataset and should not be interpreted as physically achievable battery performance.

The substantial variation observed in both SoH and round-trip energy efficiency
reflects the heterogeneous operating histories of retired EV batteries, including differences
in cycling conditions, depth of discharge, calendar ageing, and operational environments.
This variability is particularly important because it demonstrates that retired batteries
cannot be adequately represented by a single degradation state, reinforcing the need for
assessment methodologies capable of systematically evaluating multiple complementary
health indicators.

Due to confidentiality agreements associated with the industrial data source, detailed
information regarding battery manufacturers, originating vehicle platforms, and specific
battery chemistries cannot be disclosed. Consequently, the evaluated battery population
should not be interpreted as statistically representative of the global retired EV battery
market. Instead, it provides a heterogeneous experimental dataset suitable for investigating
battery degradation characteristics and evaluating the proposed multi-metric battery health
assessment framework under realistic second-life conditions.

Overall, the statistical characteristics presented in Table 5 demonstrate considerable
diversity in both capacity retention and operational efficiency across the evaluated battery
population. This diversity provides an appropriate experimental basis for investigating
relationships among complementary battery health indicators and for evaluating how
multi-metric assessment can support application-oriented second-life battery screening
and reuse pathway determination.

The statistical summary confirms that the evaluated battery population spans a wide
spectrum of degradation conditions, providing a suitable experimental basis for subsequent
multi-metric health assessment and application-oriented battery classification.

4.2. Distribution of State of Health and Round-Trip Energy Efficiency

The distributions of State of Health (SoH) and round-trip energy efficiency for the
tested battery population are presented in Figures 3 and 4. As illustrated in Figure 3, the
SoH values span a broad range from approximately 20% to 97%, with many batteries
exhibiting SoH values between 50% and 80%. This wide distribution demonstrates the
heterogeneous degradation characteristics of retired EV batteries and confirms that the
evaluated population includes cells ranging from severely degraded units to batteries
retaining relatively high residual capacity. The skewed distribution further indicates that
many batteries are retired from automotive service while still preserving a substantial
proportion of their original charge-storage capability, highlighting their potential suitability
for selected second-life applications.

Figure 4 presents the distribution of round-trip energy efficiency. Most batteries exhibit
efficiencies between approximately 75% and 90%, while a smaller subset demonstrates
substantially lower efficiency values. Unlike the SoH distribution, the efficiency distribu-
tion reflects the influence of internal resistance growth, polarization losses, and irreversible
energy dissipation during charge-discharge operation. Consequently, batteries with com-
parable SoH values may still display noticeably different energy efficiencies, indicating that
the mechanisms governing efficiency degradation are not identical to those responsible for
capacity fade.
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Figure 3. Histogram of State of Health values for all tested batteries.
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Figure 4. Histogram of round-trip energy efficiency values.
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A comparison of Figures 3 and 4 further demonstrates that capacity degradation
and efficiency degradation do not necessarily evolve at the same rate throughout battery
ageing. Some batteries experience significant capacity loss while maintaining relatively
stable energy efficiency, whereas others retain moderate capacity but exhibit pronounced
efficiency degradation resulting from increased internal losses. These observations indicate
that evaluating battery condition solely based on capacity retention may overlook important
aspects of residual functional performance. Consequently, experimental results support
the use of complementary health indicators for second-life battery assessment and provide
experimental evidence for the multi-metric evaluation framework proposed in this study.

The SoH values range from approximately 20% to 97%, with most cells between 50 and
80%. Efficiency is generally between 75 and 90%, although several degraded units exhibit
much lower values. These two distributions indicate that capacity loss and efficiency loss
do not occur at identical rates.

A small number of calculated round-trip energy efficiency values exceeded the theo-
retical upper limit of 100%. Since energy output cannot exceed energy input under normal
operating conditions, these values are physically unrealistic and are attributed to cumu-
lative measurement uncertainty, numerical integration sensitivity, and charge—discharge
segmentation inconsistencies during data preprocessing. Consequently, these observations
are interpreted as measurement-related artifacts rather than actual battery performance
characteristics. Despite their presence, the overall statistical trends and classification out-
comes remain dominated by most samples exhibiting physically realistic values.

Overall, the distributions of SoH and round-trip energy efficiency demonstrate that
retired EV batteries exhibit substantial variability in both capacity retention and operational
efficiency. More importantly, the observed differences between the two distributions
indicate that capacity-based assessment alone does not fully represent residual battery
performance. This experimental observation provides the foundation for the subsequent
multi-metric health classification and application-oriented reuse pathway determination
developed in this study.

4.3. SoH-Based and Efficiency-Based Health Classification

The numerical distributions of batteries according to the proposed SoH-based and
efficiency-based classification schemes are summarized in Tables 6 and 7. The SoH-based
classification indicates that more than half of the evaluated batteries (51 out of 91) fall
within the End-of-life category, whereas only a small proportion remain in the Excellent
health category. This distribution is consistent with current automotive retirement practices,
where batteries are typically removed from vehicle service once their remaining capacity
no longer satisfies performance requirements.

The efficiency-based classification exhibits a noticeably different distribution. Most
batteries are classified within the Medium-efficiency category, whereas relatively few
batteries exhibit either High or Low efficiency.

The differences between the two classification schemes demonstrate that State of
Health and round-trip energy efficiency characterize different aspects of battery degrada-
tion. While SoH primarily reflects capacity retention associated with lithium inventory loss
and active material degradation, round-trip energy efficiency is more sensitive to internal
resistance growth, polarization effects, and energy dissipation during charge—discharge
cycling. Consequently, batteries exhibiting comparable SoH values may still demonstrate
substantially different operational performance.

For example, a battery with moderate SoH but relatively high energy efficiency may
remain suitable for applications requiring frequent cycling and efficient energy transfer.
Conversely, another battery with a similar SoH but lower efficiency may experience greater
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energy losses and heat generation, reducing its suitability for demanding second-life
applications. These observations demonstrate that relying exclusively on SoH may lead to
an incomplete assessment of residual battery performance.

Table 6. Distribution of batteries according to SoH-based health classes.

SoH Class Count
Excellent 8
Good 9
Moderate 23
End-of-life 51

Table 7. Distribution of batteries according to efficiency-based classes.

Efficiency Class Count
High (>90%) 10
Medium (80-89%) 68
Low (<80%) 13

The combined evaluation of SoH and round-trip energy efficiency therefore provides
a more comprehensive representation of battery condition than either indicator considered
independently. By integrating complementary health indicators, the proposed classifi-
cation framework enables more informed battery screening and supports application-
oriented reuse pathway allocation according to the residual performance characteristics of
individual batteries.

Overall, the comparison between the two classification schemes provides experimental
evidence that capacity retention and operational efficiency do not degrade uniformly
throughout battery ageing. This finding reinforces the central premise of the proposed
framework: multi-metric battery health assessment provides a more reliable basis for
second-life battery screening than evaluation based on a single health indicator alone.

4.4. Correlation Analysis of Battery Health Metrics

The correlation analysis presented in this study is based on the Pearson correlation
coefficient, which quantifies linear relationships between continuous variables. Pearson
correlation was selected due to its suitability for assessing the expected linear dependency
between State of Health and discharge capacity, as capacity retention directly defines SoH.

However, battery degradation processes are governed by multiple electrochemical
mechanisms, and certain relationships, particularly those involving round-trip energy
efficiency, may exhibit nonlinear behavior. The observed dispersion in the scatter plots
reflects these nonlinear effects, indicating that efficiency degradation does not scale linearly
with capacity fade.

The correlation analysis demonstrates that the examined health indicators are not
redundant but capture complementary degradation characteristics. Consequently, no single
indicator provides a complete representation of residual battery performance.

A correlation analysis was carried out to quantify the relationships between State of
Health (SoH), maximum discharge capacity, and round-trip energy efficiency. The resulting
correlation matrix is presented in Figure 5. As expected, a strong positive correlation was
observed between SoH and maximum discharge capacity because SoH is directly derived
from discharge capacity according to Equation (3). Therefore, this relationship should not
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be interpreted as an independent degradation finding, but rather as a validation of the
consistency of the experimental measurements and health-indicator extraction procedure.
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Figure 5. Correlation heatmap showing pairwise relationships among State of Health (SoH), maxi-
mum discharge capacity, and round-trip energy efficiency for 91 retired EV cells.

In contrast, the correlation between SoH and round-trip energy efficiency is noticeably
weaker, indicating that efficiency degradation does not necessarily progress in parallel
with capacity fade. This suggests that batteries exhibiting similar SoH values may still
differ substantially in terms of energy losses and operational performance. Consequently,
capacity-based SoH alone does not fully represent functional battery health, highlighting
the importance of incorporating complementary indicators such as round-trip energy
efficiency within the proposed multi-metric assessment framework.

4.5. Cross-Classification of SoH and Efficiency

Table 8 presents the cross-classification of batteries according to both SoH class and
efficiency class. This two-dimensional representation allows simultaneous evaluation of
capacity-related and efficiency-related degradation and reveals patterns that are not visible
when each metric is considered independently.

Table 8. Cross-classification of batteries by SoH class and efficiency class.

SoH Class High Medium Low
Excellent 7 1 0
Good 0 8
Moderate 3 19 1
End-of-life 0 40 11
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The results show that most batteries classified as Excellent in terms of SoH also fall into
the High-efficiency category, indicating consistently strong overall performance. However,
clear divergences appear in the Moderate and End-of-life SoH ranges. The presence of
Moderate-High and Good-Low combinations demonstrates that batteries with comparable
remaining capacity may exhibit substantially different operational behavior. These mixed
health states would not be identified through capacity-based assessment alone. Even among
End-of-life cells, a large subset remains in the Medium-efficiency class, demonstrating that
reduced capacity does not automatically imply poor energy efficiency.

Conversely, Low-efficiency cells are distributed across multiple SoH classes, including
Good and Moderate categories. These cases represent batteries that retain appreciable
remaining capacity but suffer from high internal resistance or polarization losses, which
reduce round-trip energy efficiency. Such batteries would be poorly characterized if SoH
were used as the sole health indicator.

Overall, the cross-classification confirms that SoH and efficiency describe distinct,
complementary aspects of degradation. The presence of batteries spanning mixed classes
(for example, Moderate-High efficiency or Good-Low efficiency) underscores the necessity
of multi-metric assessment. This finding provides strong justification for the integrated
methodology proposed in this work and demonstrates its relevance for accurate screening
and assignment of retired EV batteries to appropriate second-life applications.

This table shows that some Moderate and even End-of-life cells still retain medium
efficiency, while several low-efficiency cells appear across multiple SoH ranges.

4.6. Population Variability and Dispersion

Figures 6 and 7 illustrate the population variability of State of Health and round-
trip energy efficiency using boxplots. The SoH boxplot shows a wide interquartile range
together with several outliers toward both high and low values. This indicates substantial
dispersion in remaining capacity among the tested cells and reflects the highly diverse
first-life operating histories of the batteries, including different duty cycles, temperatures,
calendar aging contributions, and depth-of-discharge patterns.

In contrast, the spread in round-trip energy efficiency is comparatively narrower,
although outliers are still present. The smaller dispersion suggests that efficiency tends to
remain clustered for much of the population, with significant declines occurring primarily in
a subset of cells that have undergone pronounced internal resistance growth or polarization
losses. The presence of outliers in both metrics confirms that some batteries deviate strongly
from the central population behavior and therefore require careful individual assessment
rather than reliance on average values.

Overall, the boxplots highlight that SoH exhibits greater variability than efficiency,
implying that capacity fade is more strongly influenced by heterogeneous usage histories
than efficiency degradation alone. These observations reinforce the importance of using a
multi-metric framework: batteries with similar efficiency may have very different remaining
capacities, and vice versa. Capturing this dispersion is essential for realistic modeling of
second-life battery populations and for designing robust classification and application-
allocation strategies.

SoH exhibits greater dispersion and more outliers compared with efficiency, indicating
diverse degradation histories among the retired batteries.
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Figure 6. Boxplot of State of Health across all batteries.
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Figure 7. Boxplot of round-trip efficiency across all batteries.

https://doi.org/10.3390/batteries12070265


https://doi.org/10.3390/batteries12070265

Batteries 2026, 12, 265

25 of 35

Round-trip Energy Efficiency (%)

4.7. Relationships Among SoH and Efficiency

The relationship between State of Health and round-trip energy efficiency is shown
in Figure 8, and the corresponding correlation coefficients are reported in Table 9. A
moderate positive correlation (r ~ 0.64) is observed between the two metrics, indicating
that, in general, batteries with higher SoH tend to exhibit higher round-trip efficiency. This
trend is physically consistent, since both capacity retention and efficiency are influenced
by underlying degradation phenomena such as loss of active material and growth of
internal resistance.
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Figure 8. Relationship between State of Health and round-trip energy efficiency.

Table 9. Correlation coefficients between SoH and round-trip energy efficiency.

SoH (%) Efficiency (%)
SoH (%) 1.000 0.640
Efficiency (%) 0.640 1.000

The few data points with efficiencies exceeding 100% correspond to measurement-
related artifacts discussed previously and are retained only to illustrate the full distribution
of the experimental dataset.

However, the scatter plot reveals a substantial degree of dispersion around the overall
trend. Batteries with similar SoH values may have markedly different efficiencies, and
conversely, batteries with comparable efficiencies can span a broad range of SoH values.
This spread reflects the fact that different degradation mechanisms contribute unequally to
capacity fade and efficiency loss. For example, growth of internal resistance can significantly
reduce efficiency without severely affecting remaining capacity, while loss of cyclable
lithium primarily reduces SoH with comparatively smaller impact on efficiency.
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The moderate correlation coefficient (r = 0.64) indicates that although capacity reten-
tion and energy efficiency are related, a considerable proportion of battery performance
variability remains unexplained by SoH alone. Therefore, substituting one metric for the
other would lead to misclassification of certain batteries, particularly those exhibiting atyp-
ical combinations such as low SoH but medium efficiency or high SoH but low efficiency.
These observations strongly support the multi-metric assessment strategy adopted in this
study and justify the use of cross-classification frameworks for second-life decision-making.

A moderate positive correlation exists between SoH and efficiency, but the dispersion
in the scatter plot demonstrates that one metric cannot replace the other.

To further quantify the observed nonlinear relationship between State of Health (SoH)
and round-trip energy efficiency, a second-order polynomial regression model was fitted to
the experimental data. The fitted relationship is expressed as:

n = —0.0029 SoH?* + 0.48 SoH + 62.1

where 11 denotes the round-trip energy efficiency. The fitted model achieved a coefficient of
determination of RZ = 0.46, indicating a moderate nonlinear association between SoH and
efficiency. The relatively modest R? value confirms the substantial dispersion observed in
the experimental data and suggests that efficiency degradation is influenced by additional
degradation mechanisms beyond capacity fade alone. These results quantitatively support
the need for a multi-metric health assessment of retired EV batteries.

4.8. Time-Series Experimental Behavior

Figures 9-12 present the time-series behavior of representative batteries during the
laboratory charge—discharge experiments. The voltage-time profile in Figure 9 shows
the typical shape of lithium-ion cell operation, with distinct charge, rest, and discharge
segments. The corresponding current-time profile in Figure 10 confirms that testing was
performed under controlled current conditions, ensuring consistency of operating stress
across all samples. These profiles validate the experimental procedure used to derive the
capacity, energy, SoH, and efficiency metrics analyzed in the previous subsections.

Beyond qualitative visualization, these time-series profiles were used to extract quan-
titative degradation-sensitive features, including discharge capacity, discharge energy,
round-trip efficiency, average discharge voltage, and discharge duration. These parameters
reflect fundamental degradation mechanisms such as loss of active material and internal
resistance growth, which influence energy delivery capability and voltage stability.

In addition to visual interpretation, these time-series profiles were used to extract
quantitative degradation indicators, including maximum discharge capacity, discharge
energy, round-trip energy efficiency, average discharge voltage, and discharge duration.
These parameters provide objective measures of performance loss and enable differentiation
between healthy and degraded batteries based on their energy delivery capability and
voltage stability.

Figures 11 and 12 show the evolution of discharge capacity and energy as functions of
time. Both quantities increase monotonically during discharge, as expected. The slope and
final values of these curves vary across batteries, reflecting differences in usable capacity
and internal losses. Batteries with reduced SoH reach lower final capacity and energy
values, while more degraded cells also tend to deliver energy over shorter discharge times
due to voltage drop and higher polarization.

Figure 13 directly compares the voltage profiles of a healthy battery and a degraded
battery under similar testing conditions. The degraded cell exhibits a consistently lower
operating voltage, a steeper voltage drop under load, and an earlier termination of discharge.
These characteristics indicate increased internal resistance and reduced voltage stability, which
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are typical signatures of advanced aging. In contrast, the healthy cell maintains a higher and
more stable voltage plateau, corresponding to lower ohmic and polarization losses.

Voltage vs Time
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Figure 9. Voltage versus time during charge—discharge testing.
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Figure 10. Current versus time during testing.
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Discharge Capacity vs Time
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Figure 11. Discharge capacity as a function of time.
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Figure 12. Discharge energy as a function of time.
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Figure 13. Comparison of voltage profiles for a healthy and a degraded battery.

The degraded battery shows stronger voltage drops and lower operating voltage,
indicating increased internal resistance.

Together, the time-series results provide physical insight that complements the statis-
tical and correlation analyses. They visually confirm that degraded batteries suffer from
both capacity reduction and efficiency loss arising from resistance growth. These behaviors
explain the dispersion observed in the SoH-efficiency relationship and further justify the
use of multi-metric health indicators in assessing second-life battery suitability.

The experimental results demonstrate that relying exclusively on capacity-based State
of Health may oversimplify the condition of retired EV batteries intended for second-life
deployment. Batteries exhibiting similar SoH frequently demonstrate different opera-
tional efficiencies, indicating that degradation mechanisms affect multiple performance
dimensions. By integrating complementary health indicators within a structured assess-
ment framework, the proposed methodology supports more reliable battery screening and
application-oriented deployment decisions. Although further validation under application-
specific operating conditions is required, the framework provides a practical basis for
industrial battery repurposing and large-scale second-life battery management.

5. Discussion

The proposed classification methodology is based on experimental measurements
obtained under controlled laboratory conditions at 25 £ 2 °C. While this ensures consistency
and comparability across the tested cells, battery performance is inherently influenced
by temperature, operating conditions, and load dynamics. Variations in temperature
affect discharge capacity, internal resistance, voltage response, and round-trip energy
efficiency. Consequently, the classification thresholds presented in this study are most
directly applicable under standardized laboratory conditions and may require adaptation
for practical deployment environments.

The experimental results demonstrate substantial variability in State of Health (SoH),
discharge capacity, and round-trip energy efficiency across the tested retired EV battery
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population. This heterogeneity reflects differences in first-life operating conditions, includ-
ing cycling history, depth of discharge, and calendar ageing. A key observation is that
SoH alone does not fully characterize residual battery performance. Although SoH and
discharge capacity exhibited a strong correlation, round-trip energy efficiency showed
noticeably larger dispersion for a given SoH level, indicating that efficiency degradation
does not necessarily evolve proportionally with capacity fade.

The correlation analysis and scatter distributions highlight several important rela-
tionships. First, the strong association between SoH and discharge capacity confirms the
consistency of the experimental measurements and the expected dependence of SoH on
residual capacity. Second, the weaker relationship between SoH and round-trip efficiency
suggests that energy losses are influenced by additional degradation processes beyond
capacity reduction alone. Furthermore, the presence of cells exhibiting relatively high
residual capacity but reduced efficiency indicates that batteries with similar SoH values
may still demonstrate substantially different operational behavior.

The voltage and energy time-series profiles further support these observations. Health-
ier cells generally sustained higher discharge voltages and exhibited lower voltage sag
under load, whereas degraded cells showed larger voltage drops and reduced discharge
duration [40]. These behaviors are consistent with increased internal resistance and polar-
ization effects reported in previous lithium-ion battery degradation studies. Similarly, the
capacity—time and energy-time profiles demonstrate that usable output energy decreases
substantially in degraded batteries, even when residual capacity remains comparatively
moderate [41].

The degradation mechanisms discussed in this work, including lithium inventory loss,
active material degradation, internal resistance growth, and polarization effects, are inferred
from experimentally observed electrical behavior and the existing literature reports. Since
advanced diagnostic techniques such as electrochemical impedance spectroscopy (EIS),
incremental capacity analysis (ICA), differential voltage analysis (DVA), or post-mortem
characterization were not performed, these mechanisms should be interpreted as plausible
degradation explanations rather than directly verified electrochemical conclusions.

A central aspect of this study is the integration of multiple experimentally derived
health indicators into a structured screening methodology for second-life battery assess-
ment. By combining SoH, discharge capacity, and round-trip energy efficiency, the pro-
posed approach enables differentiation between batteries with similar capacity retention
but different energy-delivery characteristics. The resulting cross-classification methodol-
ogy provides an interpretable basis for preliminary reuse pathway allocation, including
grid-support applications, residential energy storage, backup or low-rate applications, and
recycling streams.

It should be emphasized that the proposed application mapping is intended as a
preliminary screening methodology rather than a validated deployment optimization
model. The classifications are based on standardized laboratory charge-discharge mea-
surements and therefore primarily reflect comparative battery health characteristics under
controlled conditions. Real second-life applications involve additional operational factors,
including dynamic load profiles, temperature variation, state-of-charge windows, thermal
management, and long-term cycling behavior. Consequently, application-specific valida-
tion through dynamic testing, thermal evaluation, and long-duration operational studies
remains necessary before practical deployment.

Compared with many previous studies that rely on simulated ageing data or limited
experimental samples, the present work provides experimental characterization of 91 het-
erogeneous retired EV battery cells. However, due to confidentiality constraints associated
with the industrial data source, detailed information regarding originating vehicle plat-
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forms, battery manufacturers, and exact chemistries could not be disclosed. Therefore, the
dataset should not be interpreted as statistically representative of the global retired EV
battery market, but rather as a heterogeneous experimental sample suitable for evaluating
the proposed multi-metric screening methodology.

A small number of experimentally calculated efficiency values slightly exceeded the
theoretical upper limit of 100%. These anomalous cases are most likely associated with cu-
mulative measurement uncertainty, numerical integration sensitivity, or charge—discharge
segmentation inconsistencies during preprocessing. Since efficiencies above 100% are not
physically realizable, such values should not be interpreted as true electrochemical efficien-
cies. Nevertheless, these cases represented only a limited portion of the dataset and did not
significantly alter the overall statistical trends observed across the battery population.

From an application perspective, the results suggest that batteries retired from auto-
motive service may still retain sufficient functional capability for lower-demand stationary
applications. Batteries exhibiting moderate residual capacity and acceptable energy effi-
ciency may remain suitable for residential storage or backup systems, whereas severely
degraded batteries with low efficiency are more appropriately directed toward recycling
pathways [42]. In this context, the proposed screening methodology may support prelimi-
nary decision-making for battery repurposing and resource recovery.

Several limitations should be acknowledged. The experiments were conducted us-
ing a single testing protocol under controlled environmental conditions, and long-term
second-life cycling performance was not evaluated. In addition, advanced electrochem-
ical diagnostics and application-specific operational testing were beyond the scope of
the present study. Future work should incorporate dynamic load profiles, temperature-
dependent testing, impedance-based diagnostics, and long-duration second-life cycling
studies to further improve battery health characterization and reuse pathway assessment.

Overall, the results demonstrate that multi-metric characterization provides a more
informative representation of second-life battery condition than capacity-based SoH evalu-
ation alone. The proposed methodology offers a practical and experimentally grounded
approach for preliminary screening of retired EV batteries and may support safer and more
effective second-life battery utilization strategies.

A limitation of the present study is the lack of access to detailed first-life operational
information, including vehicle model, driving profile, charging history, environmental
exposure, and cumulative cycling records. Consequently, a direct correlation between prior
usage conditions and the observed battery health indicators could not be established. The
proposed framework therefore focuses on experimentally measured residual performance
characteristics rather than degradation pathways associated with specific usage histories.
Future studies incorporating battery passport information or detailed lifecycle records
could provide deeper insight into the relationship between first-life operating conditions
and second-life suitability.

It should be noted that the present assessment was performed at the individual cell
level rather than at the battery pack level. Consequently, practical second-life deploy-
ment would require additional processes including cell matching, balancing, module or
pack reassembly, battery management system (BMS) integration, and safety validation.
The proposed classification framework is therefore intended to support the preliminary
screening and selection of candidate cells for second-life applications rather than direct
deployment. Future work should extend the methodology to module- and pack-level
assessment to evaluate the influence of cell heterogeneity, balancing requirements, and
system-level operational constraints on second-life battery performance.
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6. Conclusions

This study presented an experimental multi-metric assessment of 91 retired electric
vehicle (EV) battery cells for second-life battery screening and application-oriented classi-
fication. In addition to conventional capacity-based State of Health (SoH), the proposed
framework incorporated discharge capacity, round-trip energy efficiency, and voltage—
current time-series characteristics to evaluate residual battery performance under standard-
ized laboratory conditions.

The experimental results demonstrated substantial variability in degradation charac-
teristics across the evaluated battery population. Although SoH and discharge capacity
exhibited the expected strong correlation, the relationship between SoH and round-trip
energy efficiency was considerably weaker and more dispersed. These findings indicate
that capacity retention alone does not fully characterize residual battery performance
and that batteries with comparable SoH values may still exhibit significantly different
energy-delivery capability and operational efficiency. Consequently, the results highlight
the importance of integrating complementary health indicators when assessing second-life
battery suitability.

Building upon these observations, the proposed multi-metric classification frame-
work combines capacity-related and energy-related performance indicators to support
application-oriented battery screening. Based on experimentally measured battery charac-
teristics, cells exhibiting relatively high residual capacity and energy efficiency were identi-
fied as potentially suitable for demanding stationary energy storage applications, whereas
more degraded batteries were directed toward lower-demand applications or recycling
pathways. Rather than relying exclusively on a single degradation metric, the proposed
framework provides a systematic and interpretable approach for relating experimentally
measured battery health characteristics to practical second-life deployment decisions.

It should be emphasized that the proposed methodology is intended as a practical
decision-support framework for preliminary battery screening rather than a fully validated
deployment optimization model. The classifications presented in this study are derived
from standardized laboratory charge-discharge measurements and therefore represent
comparative assessments of battery condition under controlled operating conditions. Addi-
tional validation under application-specific environments, including dynamic load profiles,
thermal operating conditions, and long-term cycling, remains necessary before large-scale
practical deployment.

Several limitations should also be acknowledged. The experimental dataset repre-
sents a heterogeneous but non-universal sample of retired EV batteries, and advanced
electrochemical diagnostic techniques, such as electrochemical impedance spectroscopy,
incremental capacity analysis, and post-mortem characterization, were beyond the scope
of the present study. Furthermore, all experiments were conducted using a single testing
protocol under controlled laboratory conditions. Future work should therefore incorpo-
rate impedance-based diagnostics, temperature-dependent evaluation, dynamic operating
profiles, long-duration cycling experiments, and application-specific validation to further
strengthen battery health assessment and second-life deployment methodologies.

Overall, this study demonstrates that multi-metric battery health assessment provides
a more comprehensive evaluation of retired EV batteries than capacity-based State of Health
alone. By integrating experimentally derived health indicators within a transparent and
application-oriented classification framework, the study establishes a practical connection
between laboratory battery characterization and structured second-life reuse pathway
determination. Although the proposed framework is not intended to replace detailed
electrochemical diagnostics or predictive degradation models, it provides an experimentally
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grounded methodology that can support scalable battery screening, battery repurposing,
and more informed second-life deployment decisions.
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