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Abstract

The rapid increase in retired lithium-ion batteries (LIBs) from electric vehicles (EVs) high-
lights the urgent need for accurate and automated end-of-life (EOL) assessment. This study
proposes an AI-integrated smart grading system that combines hardware diagnostics and
deep learning-based evaluation to classify the residual usability of retired batteries. The
system incorporates a bidirectional charger/discharger, a CAN-enabled battery manage-
ment system (BMS), and a GUI-based human–machine interface (HMI) for synchronized
real-time data acquisition and control. Four diagnostic indicators—State of Health (SOH),
Direct Current Internal Resistance (DCIR), temperature deviation, and voltage deviation—
are processed through a deep neural network (DNN) that outputs categorical grades (A:
reusable, B: repurposable, C: recyclable). Experimental validation shows that the proposed
AI-assisted model improves grading accuracy by 18% and reduces total testing time by 30%
compared to rule-based methods. The integration of adaptive correction models further
enhances robustness under varying thermal and aging conditions. Overall, this system
provides a scalable framework for automated, explainable, and sustainable battery reuse
and recycling, contributing to the circular economy of energy storage.

Keywords: end-of-life batteries; AI-based grading system; state of health (SOH) and DCIR;
deep neural network (DNN); battery reuse and recycling

1. Introduction
The rapid electrification of transportation has accelerated global deployment of electric

vehicles (EVs), resulting in an unprecedented volume of retired lithium-ion batteries
(LIBs) [1]. These end-of-life (EOL) batteries exhibit heterogeneous residual performance
driven by diverse operating histories and degradation pathways, reflected in state-of-health
(SOH), direct-current internal resistance (DCIR), and thermal behavior. Such variability
complicates efficient reuse, repurposing, and recycling, reinforcing the need for accurate
and scalable diagnostic methods to support a circular battery economy [2,3].

Conventional EOL evaluation techniques primarily rely on manual testing and rule-
based interpretation. These approaches are labor-intensive, subjective, and often incon-
sistent, particularly when dealing with nonlinear degradation interactions influenced by
temperature gradients, cell imbalance, and dynamic load profiles [4]. As a result, simple
static-threshold decision schemes struggle to deliver reproducible and high-confidence
grading outcomes.

Energies 2025, 18, 5915 https://doi.org/10.3390/en18225915

https://doi.org/10.3390/en18225915
https://doi.org/10.3390/en18225915
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0002-4527-7447
https://doi.org/10.3390/en18225915
https://www.mdpi.com/article/10.3390/en18225915?type=check_update&version=1


Energies 2025, 18, 5915 2 of 35

Advances in battery-embedded sensing, Battery Management Systems (BMSs), and
machine learning have enabled data-centric battery diagnostics [5,6]. Deep learning (DL)
architectures, in particular, can model complex nonlinear relationships between diagnostic
indicators such as SOH, DCIR, voltage deviation, and temperature deviation, extracting
high-level degradation signatures and offering improved prediction accuracy and general-
ization relative to classical models [7].

In this work, we present an integrated AI-assisted smart grading system for retired
EV battery modules. The platform couples automated hardware diagnostics—including
charge/discharge control, DCIR testing, and cell-level sensing—with a deep neural net-
work (DNN)-based classification engine. Tested modules are categorized into Grade A
(reusable), Grade B (repurposable), or Grade C (recycling recommended) based on real-time
performance metrics.

Although AI-driven battery assessment has gained attention, several critical chal-
lenges remain. Prior studies often rely on laboratory-aged cells or limited chemistry
subsets, reducing generalizability to field-aged batteries. Additionally, many datasets
exclude real-world uncertainties such as sensor noise, temperature drift, and communi-
cation dropouts, weakening robustness under practical conditions. Explainability also
remains limited; black-box models restrict electrochemical interpretability and impede
industrial adoption. Finally, domain transfer across cell formats, cooling structures, and
manufacturers remains under-explored. Addressing these gaps requires field-validated,
thermally aware, and physically interpretable AI systems. The proposed system incorpo-
rates a graphical human–machine interface (HMI) for real-time visualization, parameter
configuration, and monitoring, enhancing repeatability and reducing operator dependency.
While the framework is data-driven, aging effects are captured using degradation-salient
proxies (SOH, DCIR) and adaptive correction layers that normalize decisions across thermal
and life-cycle variations. Although the model does not explicitly simulate electrochemical
mechanisms such as SEI growth or phase transitions, the integration of diagnostic indica-
tors, sensing automation, and explainable learning yields robust and scalable performance
under heterogeneous real-world conditions.

2. System Architecture
The proposed Smart EOL Battery Grading System is an end-to-end framework that au-

tomates the evaluation and classification of retired EV battery modules by tightly coupling
hardware control, data acquisition, signal conditioning, physics-guided corrections, and
AI-based inference. As summarized in Figure 1, five coordinated modules exchange times-
tamped telemetry and standardized diagnostic features to enable consistent, explainable,
and field-robust grading: a CAN-based Data Acquisition Unit; a Preprocessing & Feature
Conditioning pipeline; an Adaptive Correction Layer for temperature, SOC window, and
capacity variance; a Deep-Learning Inference Engine with SHAP interpretability; and a De-
cision & Grading block that fuses AI outputs with rule-based safety checks and traceability.
This layered architecture supports real-time measurement, transparent data lineage, and
industrial deployment with auditability.

2.1. Main Controller

An STM32F4-class MCU orchestrates the test sequence—initialization, charge, ther-
mal stabilization, discharge, pulse diagnosis, analysis—while maintaining hard real-time
synchronization across the charger/discharger, BMS, and HMI/GUI via 1 Mbps CAN.
High-frequency streams for per-cell voltage Vi, pack current I, surface temperature Ti,
and pulse-response snapshots are sampled at period Ts ( fs = 1

Ts
) and buffered with

double-buffering to prevent loss during I/O. CAN frames follow the standardized struc-
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ture [ID] + [Command] + [Payload(0 − 8bytes)] + [CRC] + [ACK], ensuring deterministic
transfer and integrity [8].

 

Figure 1. System architecture of the proposed Smart EOL Battery Grading Platform (Green arrows
denote bidirectional power flow, black lines represent CAN-based communication links, and blue
highlights the EV-grade battery module under test.).

Remote integration over Wi-Fi/Ethernet enables secure upload to cloud endpoints
(e.g., AWS IoT, Azure IoT) for monitoring and predictive control [9]. The controller
issues CC/CV/CP set-points to the bidirectional power stage and supervises regener-
ative discharge. Feature extraction (e.g., DCIR) is computed from time-aligned pulse
segments, using

RDCIR =
∆V
∆I

(1)

where ∆V is the instantaneous voltage step at pulse onset and ∆I is the applied cur-
rent change. Modular backplanes allow scaling to 16 synchronized channels for high-
throughput screening without channel interference.

As shown in Figure 2, the control workflow of the STM32-based management unit
follows a sequential data-processing structure. The Battery Management System (BMS) first
transmits real-time diagnostic logs—including voltage, current, and temperature—to the
STM32 MCU. The MCU then processes these input signals and issues bidirectional control
commands to the charger–discharger unit to regulate charge and discharge operations.

 

Figure 2. Main Controller Data Flow and Control Structure.

In parallel, the MCU updates and stores operational parameters within the data
storage and network module to support long-term analysis and system logging. Finally,
processed data streams and waveform information are delivered to the HMI/GUI, where
system performance, trends, and diagnostic status are visualized for operators.

2.2. Bidirectional Charger/Discharger

The Bidirectional Charger/Discharger serves as the core power conversion unit of the
proposed Smart EOL Battery Grading System, performing both charging and discharging
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operations for EOL batteries. It is one of the most critical components that determines the
overall performance, efficiency, and energy recovery capability of the system. The unit
supports three operational modes—CC, CV, and CP—and can operate in either single-mode
or combined-mode configurations, depending on the specific test objectives [10].

The charger/discharger is controlled through synchronous digital commands between
the Digital Signal Processor (DSP) and the STM32 Main Controller, ensuring precise reg-
ulation of current and voltage under dynamic conditions. During charging, the output
current Ichg(t) is regulated by a Proportional–Integral (PI) control algorithm, as expressed
in Equation (4):

Ichg(t) = Kp

(
Vre f − Vbat(t)

)
+ Ki

∫ (
Vre f − Vbat(t)

)
dt (2)

where Kp and Ki denote the proportional and integral gains, respectively, Vre f represents
the reference voltage, and Vbat(t) is the instantaneous battery voltage. This PI-based control
strategy stabilizes the charging process, preventing overcurrent and overvoltage, thereby
ensuring smooth and reliable power delivery [11].

In discharge mode, the current direction is reversed so that energy flows from the
battery to the load. The controller dynamically adjusts the discharge waveform in real
time to maintain constant load characteristics. A key innovation of this module is the
implementation of a Regenerative Discharge mechanism. Traditional discharge systems
dissipate released energy as heat through a resistive load, resulting in substantial energy
loss. In contrast, the proposed design integrates a Bidirectional DC–DC Converter and
a Single-Phase Inverter, enabling discharged energy to be fed back into the power grid,
significantly improving energy utilization efficiency [12].

This energy recovery configuration not only reduces waste but also achieves an
energy-saving effect exceeding 30% compared with conventional resistive-load discharge
systems. Figure 3 illustrates the Power Conversion and Energy Regeneration Structure of
the proposed bidirectional charger/discharger system. The system integrates the DC–DC
conversion stage, single-phase inverter, battery module, and power grid interface to enable
fully controlled bidirectional energy flow between components. Through this coordinated
architecture, the system is designed to ensure high charging and discharging efficiency
while maintaining operational safety and stability throughout the testing process.

 

Figure 3. Power Conversion and Energy Regeneration Structure.

Figure 3 illustrates the bidirectional regenerative discharge architecture used in the
experimental setup. As shown in the figure, element 1⃝ corresponds to the DC–DC con-
verter stage, which stabilizes the DC link voltage and enables controlled energy transfer
between the EV battery and the inverter. Element 2⃝ represents the single-phase inverter,
responsible for converting regulated DC power into AC power for grid-interactive regen-
erative discharge. The interface labeled 3⃝ denotes the Barver grid connection, providing
the AC coupling layer through which energy can flow back to the grid during discharge
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operations. Finally, element 4⃝ highlights the bidirectional battery–inverter pathway, where
charging, discharging, and pulse-current-based excitation are applied to the EV battery
module for diagnostic or regenerative cycling. This architecture forms the foundational
energy-flow structure enabling precise control during both charging and regenerative
discharge operations.

The system performs real-time synchronization of the safety protection circuitry, while
the regenerative inverter efficiently feeds the discharged energy back into the power grid.
This configuration serves as a key mechanism for enhancing the overall energy recovery
efficiency (ηregen) of the system. The energy regeneration efficiency is defined as follows:

ηregen =
Preturn

Pdischarge
× 100(%) (3)

where ηregen denotes the power returned to the grid, and Pdischarge represents the total
power extracted from the battery during discharge.

Experimental results indicate that the efficiency of the regenerative discharge
mode reaches over 92%, showing a remarkable improvement in energy-saving perfor-
mance compared to conventional resistive-load discharge systems. The bidirectional
charger/discharger also incorporates a pulse-based diagnostic function, enabling pre-
cise assessment of the electrochemical and physical properties of the battery cells. During
testing, a short and well-defined current pulse (charge/discharge pulse) is applied, and the
voltage response is recorded in real time to evaluate both the DCIR and the electrochemical
reaction rate of the cell [13]. This function applies a defined current pulse and measures the
corresponding voltage response to calculate the DCIR using Equation (1). DCIR is a crucial
degradation indicator influenced by the conductive medium, electrode interface resistance,
electrolyte ion mobility, and temperature (T). It can be approximated as the sum of the
ohmic resistance (Rs) and the charge transfer resistance (Rct), as given in Equation (6):

RDCIR ≈ Rs + Rct (4)

where Rs represents the ohmic resistance of the current collector and electrolyte, while Rct

denotes the charge transfer resistance at the electrode–electrolyte interface [14]. The system
performs constant current pulse (CCP)-based testing, where the pulse duration (tp) and
rest period (tr) are configurable through the controller. Typically, tp = 5 ∼ 10 s, tr = 10 s,
with the sampling frequency ( fs) defined by Equation (7):

fs =
1
Ts

(5)

where Ts is the ADC sampling period. The STM32F4 microcontroller’s integrated
12-bit ADC (2 Msps) allows high-speed sampling, capturing voltage response data at
1–2 ms resolution. Additionally, the system automatically adjusts both the pulse current
amplitude (∆I) and the pulse duration (tp) in real time to optimize test conditions based
on battery capacity and state, preventing overcurrent-induced damage and ensuring safe
measurement operations.

The collected voltage responses are filtered for noise and processed in two stages, as
defined in Equation (8):

RDCIR,corrected = RDCIR ×
(

1 + kT

(
T − Tre f

))
(6)

where Tre f is the reference temperature (25 ◦C), and kT is the temperature compensation
coefficient (typically 0.003/◦C). Voltage Drop Detection calculates the voltage difference
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(∆V) between the pulse start time (t0) and end time (t1), while Temperature Compensation
applies a temperature correction factor kT based on the real-time measured cell temperature
(T) to obtain the corrected DCIR. This temperature-corrected DCIR data is then used as an
input variable for the AI-based degradation model, which enhances the prediction accuracy
of battery health (SOH) and overall performance trend analysis [15].

The DCIR variation rate (∆I/R0) obtained from pulse testing serves as an intuitive
indicator of battery aging. Experimental data show that when the DCIR increases by
more than 100% compared to a new cell, the SOH typically falls below 70%, indicating
substantial degradation. These data are utilized as key input features for the AI-based grade
prediction model, contributing to the computation of the Comprehensive Degradation
Index (CDI) when combined with other metrics such as temperature uniformity and
voltage deviation. Furthermore, the pulse-based diagnostic method has emerged as a
core technology for rapidly and accurately assessing the reusability of EV batteries in
both second-life (repurposing) and energy storage system (ESS) recycling applications,
underscoring its value in sustainable battery lifecycle management [16].

Figure 4 illustrates the temporal flow and voltage response curve of the pulse charge–
discharge test. Along the time axis (Time [s]), the upper graph represents the applied current
pulse (∆I) as a rectangular waveform, while the lower graph shows the corresponding
voltage response curve. Immediately after the pulse is applied, a sudden voltage drop
(∆V) occurs due to the DCIR of the cell. Subsequently, during the rest period (tr), the
voltage gradually recovers as charge redistribution occurs at the electrode–electrolyte
interface. The pulse duration is defined as tp, and the rest interval as tr, with current–
voltage data continuously sampled by a high-speed ADC (2 Msps) during these intervals.
The magnitude and slope of the pulse response are used to determine the voltage drop (∆V)
and current change (∆I), from which the DC internal resistance is calculated according
to Equation (1). Here, ∆V represents the cell’s instantaneous electrical response to the
applied current, and ∆I denotes the amplitude of the applied load. Through this data,
the electrolyte state, electrode interfacial resistance, and temperature-dependent reaction
dynamics can be quantitatively analyzed. Figure 4 visually demonstrates the fundamental
principle of DCIR measurement, highlighting that pulse-based diagnostics are highly
effective for assessing both the electrochemical reaction rate and degradation condition of
batteries [13,15]. The dashed horizontal line represents the zero-drift reference baseline
used to correct low-frequency bias components in the measured current waveform. During
post-processing, the raw current signal often contains slow baseline shifts caused by sensor
drift, thermal offset, or ADC quantization error. The dashed line therefore serves as the
stable zero-reference level against which the corrected current waveform (solid curve)
is aligned.

 

Figure 4. Pulse Test Sequence and Voltage Response.
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The proposed bidirectional charge–discharge system incorporates a multi-layer safety
and protection mechanism to ensure reliable operation under laboratory and industrial
conditions. This subsystem continuously monitors electrical and thermal abnormalities,
and it is designed in accordance with IEC 62619:2022 and UL 1973:2023 standards [14,15].
The system’s safety framework is composed of four major protection layers, as follows:

(1) Over-Current & Short-Circuit Protection

■ During charging or discharging, if the current exceeds the preset limit Imax, a hardware
cutoff circuit (MOSFET + Hall sensor) immediately disconnects the circuit.

■ High-frequency sampling (>10 kHz) allows real-time detection of transient overcurrent
events, and in short-circuit conditions, the circuit is interrupted within 10 µs. The
protection logic is defined by Equation (9):

IF |I| > Imax ⇒ Switch O f f (MOSFET_Gate = 0) (7)

■ A double relay and parallel MOSFET topology is adopted to enhance cutoff reliability.

(2) Over-Voltage & Under-Voltage Protection

■ Each cell voltage is continuously measured by the BMS. If it exceeds the upper or
lower threshold, the system automatically halts operation.

■ According to IEC 62619, the protection limits are defined as:

Vmax= 4.25 V (Charge Upper Limit), Vmin= 2.50V(Discharge Lower Limit)

When a voltage imbalance ≥ 100 mV occurs, the cell balancing circuit automatically
activates to maintain voltage uniformity across all cells [16].

(3) Over-Temperature Protection

■ NTC thermistors are attached to each cell and MOSFET surface. When the temperature
exceeds Tmax = 60 ◦C, PWM control is immediately suspended.

■ A thermal diffusion model is employed to predict the temperature rise (Tpred)
as follows:

Tpred(t + ∆t) = T(t) +
Ploss · ∆t

mCp
(8)

where Ploss is the dissipated power, mCp is the heat capacity [17]. If Tpred surpasses the safe
limit, a pre-emptive shutdown is triggered.

(4) Insulation Monitoring & Leakage Detection

■ An Insulation Monitoring Device (IMD) continuously measures the leakage resistance
between the positive/negative terminals and ground during charging.

■ The insulation resistance drops below 100 kΩ, charging is immediately terminated.
If the leakage current exceeds 5 mA, a warning message is displayed on the HMI
interface [18].

■ This feature is critical for high-voltage modules (>60 Vdc) to prevent electric shock or
fire hazards [19].

All protection layers are centrally controlled by a real-time task scheduler within the
STM32 MCU main controller. The system performs a 1 kHz safety scan loop, evaluating
each sensor reading according to the priority logic defined in Algorithm 1.
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Algorithm 1. Real-Time Safety Monitoring.

INPUTS: I (A), Vcell[] (V), T (◦C), Riso (Ω)
PARAMS: I_MAX, V_MAX, V_MIN, T_MAX, DT_MAX, RISO_MIN
PERIOD: 1 ms // 1 kHz safety scan

loop every 1 ms:
read I, Vcell[], T, Riso
if abs(I) > I_MAX:

stop_power_stage(); raise_alarm("Over-current"); continue

for v in Vcell:
if v > V_MAX or v < V_MIN:

stop_power_stage(); raise_alarm("Cell over/under-voltage"); break

if T > T_MAX or dT_dt(T) > DT_MAX:
stop_power_stage(); raise_alarm("Over-temperature"); continue

if Riso < RISO_MIN:
stop_power_stage(); raise_alarm("Insulation fault"); continue

// safe state
clear_alarm(); continue

end loop

This algorithm is designed to ensure fail-safe operation even under multiple simulta-
neous fault conditions such as overcurrent, overvoltage, thermal anomalies, and insulation
degradation. The proposed safety and protection features are fully compliant with interna-
tional standards, as summarized in Table 1.

Table 1. Compliance with International Safety Standards.

Classification Standard No.

IEC 62619:2022 Safety requirements for industrial and stationary secondary
lithium-ion cells and batteries

UL 1973:2023 Safety evaluation for batteries used in stationary and motive
applications (energy storage systems)

UL 1973:2023 Electrical safety requirements for high-voltage systems in electric
vehicles

IEC 61557-8:2019 Performance standards for insulation monitoring devices (IMDs)
in ungrounded systems

Each protection circuit was validated according to the test procedures and tolerance
limits specified in the above standards and is also compatible with the Korean KC certifica-
tion system (KC 62133-2).

Figure 5 illustrates the hierarchical architecture of the proposed protection system. The
upper layer (Main Controller) collects sensor data—including current, voltage, temperature,
and insulation resistance—and executes the decision-making logic for fault detection and
system control. The lower layer (Hardware Protection) is responsible for physical circuit
interruption in response to abnormal conditions. Through the HMI/GUI interface, fault
states are visually displayed in real time, enabling operators to identify and respond to
issues immediately. Additionally, all system events are automatically logged and stored
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in dedicated log files, which can later be used for diagnostic analysis and traceability of
system performance and safety incidents.

Figure 5. Safety and Protection System Architecture.

During laboratory and field validation, the multi-layer safety protection system suc-
cessfully intercepted several real anomaly cases without escalation. Specifically, three test
modules exhibited abnormal temperature rise rates (>1.8 ◦C/min) during pulse-stress
phases, immediately triggering the thermal-rate threshold and transitioning the system
into controlled shutdown and active cooling mode. Additionally, two transient CAN-
communication dropouts (>20 ms gap) initiated safe-state fallback procedures and forced
diagnostic re-synchronization before resuming operation. In all instances, no thermal run-
away, insulation breach, or abnormal voltage divergence was observed, and automated logs
confirmed proper execution of safety protocols. These activation records demonstrate that
the protection architecture not only satisfies ISO- and IEC-aligned safety requirements but
also provides practical robustness during real-world retired-battery inspection scenarios.

2.3. Battery Management System, BMS

The BMS serves as the core module of the proposed EOL battery diagnostic platform,
ensuring system stability and reliability by performing per-cell measurement and control
of voltage, current, temperature, and insulation resistance. The proposed BMS integrates
high-precision sensors and Negative Temperature Coefficient (NTC) thermistors to monitor
the surface temperature of each cell in real time. When conditions such as overvoltage,
overcurrent, or overtemperature are detected, the system automatically activates the pro-
tection circuitry to prevent damage or thermal runaway [20,21]. The BMS in this system is
composed of four primary submodules, each designed for specialized sensing, protection,
and communication tasks:

(1) Cell Voltage Monitoring Unit

■ Each cell voltage Vi is measured using a high-resolution Analog-to-Digital Converter
(ADC) with a resolution of 1 mV. Vavg across all series-connected cells is calculated
according to Equation (9):

Vavg =
1
N ∑N

i=1 Vi (9)

where N denotes the number of series-connected cells. If the voltage deviation between
cells exceeds ±50 mV, the cell balancing circuit is activated to maintain voltage uniformity
across the battery pack.

(2) Current Sensing and Charge–Discharge Control Unit
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■ A non-contact Hall effect sensor is employed to minimize electrical noise during
current measurement. The measured current I(t) is used to dynamically calculate the
SOC according to Equation (10):

SOC(t) = SOC0 −
1

Cn

∫ t

0
I(τ)dτ (10)

where SOC0 represents the initial state of charge and Cn is the rated capacity (Ah) [22].
When an overcurrent condition is detected, the MCU immediately generates a control
signal to cut off the MOSFET switching, thereby protecting the circuit.

(3) Temperature Sensing and Protection Unit

■ Each cell or cell block is equipped with NTC thermistors capable of measuring tem-
perature with a precision of ±0.5 ◦C. If the temperature exceeds the threshold value of
Tmax = 60 ◦C, the charge/discharge operation is automatically halted. Additionally,
when the temperature rise rate exceeds dT/dt > 5 ◦C/s , a pre-warning signal is
generated to prevent potential thermal runaway events.

(4) Communication and Data Logging Unit

■ All measurement data are transmitted to the main controller via a CAN protocol oper-
ating at 1 Mbps, following the message frame structure defined in Equation (2). This
communication architecture minimizes data loss and enhances transmission reliability.
The BMS also contains an integrated 8 MB flash memory, which automatically stores
up to one hour of recent operational data for redundancy and uploads it to the cloud
server for long-term monitoring.

Since lithium-ion cells exhibit voltage imbalance after extended charge–discharge
cycling, the proposed BMS supports both passive and active balancing mechanisms to
maintain uniform cell voltage distribution:

■ Passive Balancing: dissipates excess charge as heat through a resistor network.
■ Active Balancing: transfers charge between adjacent cells using inductor- or capacitor-

based energy transfer circuits.

The energy efficiency (η) of the active balancing process is defined by Equation (11):

η =
Etrans f erred

Estored
× 100(%) (11)

Experimental validation of the proposed system demonstrated an average efficiency
of approximately 94.7%, indicating that the active balancing method provides superior
energy utilization while maintaining cell uniformity during extended operation.

Figure 6 illustrates the data flow process in which the voltage, current, and temperature
signals collected from individual sensors are filtered and processed by the MCU, then
transmitted via CAN communication to the main controller and HMI/GUI interface. In the
event of overvoltage or overtemperature detection, the BMS’s internal protection circuitry
immediately issues a MOSFET control signal, ensuring the safe and coordinated operation
of the entire system. Beyond serving as a measurement unit, the BMS functions as a
key enabler for AI-driven diagnostics and grading. The acquired sensor data—including
voltage, temperature, and DCIR—are utilized as input parameters for the AI-based SOH
estimation and battery grading algorithms described in later sections. Therefore, the
accuracy, sampling rate, and response time of the BMS are critical determinants of the
overall performance, precision, and reliability of the proposed smart battery grading
platform [23,24].
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Figure 6. BMS Communication and Data Flow.

2.4. Human–Machine Interface, HMI/GUI

The HMI serves as the operational hub of the proposed Smart EOL Battery Grading
System, providing an intuitive GUI that allows users to configure, control, and monitor the
testing process in real time. The GUI was developed using the Python-based Qt framework
(PyQt5, version 5.15.9) and the Matplotlib visualization engine (version 3.8.2), ensuring
integrated management of data streaming, visualization, and result storage throughout the
entire testing sequence. All software versions were confirmed at the time of implementa-
tion, and dependencies were validated using the official package repositories accessed on
10 January 2025 [21–25]. Through the GUI, users can intuitively configure parameters such
as current, voltage, SOC, SOH, and pulse width. The configured parameters are trans-
mitted to the Main Controller via CAN frames, with the command mapping defined by
Equation (12):

Command Frame = [IDcmd] + [P1, P2, . . . , Pn] + [CRC] (12)

where IDcmd represents the command identifier, Pi denotes the test parameters, and CRC
is the cyclic redundancy check code used to ensure data integrity during communication.
The GUI updates cell-level voltage, current, and temperature data received from the CAN
bus every one second, displaying them through multi–Y-axis graphs and heatmap-based
temperature distributions. The visualization of real-time data at time t is defined by the
mapping function in Equation (13):

Ddisplay(t) = f (Vi(t), Ii(t), Ti(t)) (13)

where f (·) is a data normalization and rendering function that integrates color mapping
with trend curves, enabling intuitive monitoring of battery status transitions over time.
Within the GUI, the state monitoring module applies a Moving Average Filter and a Z-
score anomaly detection algorithm to each sensor dataset to automatically detect outliers.
If abnormal conditions are detected, they are highlighted in red on the interface and
automatically logged according to Equation (14):

Z =
xi − µ

σ
(14)

where µ is the mean and σ is the standard deviation; data points with |Z| > 3 are classified
as anomalies [26].

All grading results and test logs are automatically exported in CSV and PDF formats,
ensuring traceability and reproducibility. Furthermore, the GUI supports RESTful API
integration, enabling secure transmission of data to cloud storage services such as AWS S3



Energies 2025, 18, 5915 12 of 35

or Azure Blob Storage for remote accessibility. This cloud integration ensures data integrity,
traceability, and real-time accessibility of experimental results across multiple users and
devices [27].

Figure 7 illustrates the overall structure of the Human–Machine Interface (HMI),
which consists of several functional components, including the test parameter configu-
ration panel, real-time data visualization panel, abnormal condition alarm window, and
result export buttons. The left panel provides input fields for setting voltage and current
thresholds, allowing users to define operational limits before initiating a test. The central
panel displays real-time time-series graphs and voltage heatmaps, visually representing
the system’s operational state during testing. In the upper-right alarm panel, real-time
warnings such as “Over-Voltage”, “Over-Current”, and “Over-Temperature” are immedi-
ately displayed when abnormal conditions occur. Meanwhile, the bottom command section
contains operational buttons such as “Start Test”, “Stop”, and “Export CSV”, enabling
seamless experiment control and data export. In Figure 7, the solid lines show real-time
voltage waveforms, while the dashed line represents the smoothed reference trend used for
anomaly detection.

 

Figure 7. GUI Layout and Data Visualization Flow.

The GUI executes a fully automated testing routine, ensuring consistency across the
entire process—from test initialization to final grading computation. Operators can load
predefined testing templates that automatically verify system conditions (e.g., voltage range
validation, sensor connectivity) before execution. This functionality minimizes operator
dependency and significantly reduces human-induced evaluation errors.

To ensure graphical uniformity and clarity, the visualization engine normalizes all
measured data (voltage, current, and temperature) and maps them to standardized color
scales using Equations (15) and (16):

Snorm =
Si − Smin

Smax − Smin
(15)

Cmap = colormap(Snorm) (16)

where Si represents the measured signal, and Smin and Smax denote the scaling range. The
resulting Cmap corresponds to a color value, which is used to visually indicate the thermal
and voltage states of the battery cells.
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Beyond being a visualization tool, the proposed GUI functions as an intelligent feed-
back interface within the AI-based grading system. The visualized data from ongoing
experiments are simultaneously stored as training datasets, which are later used during the
data preprocessing phase of the AI grading model. Thus, the GUI not only enhances user
experience (UX) and operational efficiency but also provides a direct interface between
human operators and the machine learning framework, making it a practical solution
for automated testing and data-driven diagnostics in industrial environments [28]. The
GUI visual layer displays QA flags (spike, dropout, flatline) in real time and prevents test
submission when channel completeness falls below 98% or when uncorrected temperature
bias is detected.

2.5. Battery Module Under Test

The proposed system is designed to evaluate an EV-grade lithium-ion battery module
with high precision, focusing on assessing cell degradation uniformity and electrochemical
characteristics under realistic operational conditions. The representative module configu-
ration adopts a 2P6S structure (two cells in parallel × six in series, totaling twelve cells),
which closely replicates the electrical and thermal behavior of commercial EV battery
packs, thereby providing an experimental environment that accurately reflects real-world
operating conditions. The equivalent circuit of the 2P6S battery module can be expressed
as in Equations (17) and (18):

Vmodule = ∑6
i=1 Vcelli

(17)

Req =
Rcell1

2
+

Rcell2
2

+ · · ·+ Rcell6
2

(18)

where Vcelli
represents the open-circuit voltage (OCV) of each serial cell pair, and Rcelli

denotes the equivalent series resistance (ESR) of each cell.
The modules tested in this study were commercial, EV-grade retired packs sourced

from an industrial repurposing/recycling partner in Korea. To preserve commercial
confidentiality, OEM names are withheld; all modules originated from the same NCM-
based passenger EV platform and included manufacturer-certified traceability records.
Each 2P6S module (nominal~\sim~25.6 V, 10–12 Ah) had experienced approximately
600–900 real-world drive-cycle charge/discharge cycles prior to retirement, with documen-
tation confirming no thermal events or abnormal failure history. Upon receipt, all modules
passed incoming inspection—SOC normalization, voltage-balance check, insulation verifi-
cation (>100 kΩ > 100\ \text{k}\Omega > 100 kΩ), and preliminary capacity screening—to
ensure baseline comparability ahead of laboratory testing. The 2P6S configuration was
selected because it represents a common mid-size EV module while enabling controlled
experimentation and high repeatability under laboratory conditions.

The total energy capacity of the module can be calculated using Equation (19):

E = Np × Ns × Ccell × Vnominal (19)

where Np = 2, and NS = 6 where Ccell represents the rated capacity of each cell. This
configuration provides a nominal voltage of approximately 25.6 V and a capacity range
of 10–12 Ah, making it well-suited for experimental evaluation of medium-sized electric
vehicle (EV) battery modules [29].

■ Cell Voltage Uniformity (∆V)—The voltage deviation among cells, used to evaluate
charge imbalance and degradation level, is calculated by Equation (20):

∆V = Vmax − Vmin (20)
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■ Temperature Uniformity (∆T)—The thermal gradient across the module, mea-
sured using NTC temperature sensors attached to cell surfaces, is determined by
Equation (21):

∆T = Tmax − Tmin (21)

A high ∆T value indicates the presence of overheated cells or poor thermal dissipation.

■ SOH—To quantify cell degradation, the measured capacity Cm is compared with the
initial capacity C0, as defined in Equation (22):

SOH =
Cm

C0
× 100(%) (22)

If the SOH is 80% or higher, the cell is classified as Grade A (Reusable); if it falls
between 60% and 80%, it is classified as Grade B (Repurposable); and if it is below 60%, it
is classified as Grade C (Recyclable or Disposable) [30].

■ DCIR—Derived from the pulse charge–discharge test, this metric measures the voltage
response to a change in current (∆I) as defined in Equation (1). DCIR serves as a
quantitative indicator of electrode resistance growth and electrolyte degradation, both
of which directly correlate with aging and capacity loss.

The battery module is mounted on an insulated aluminum frame and equipped with
several safety and measurement components, including a temperature-controlled cooling
fan, an insulation monitoring terminal, a flame-retardant housing compliant with UL 94
V-0, and a CAN-based BMS communication port. Figure 8 visually illustrates the cell
arrangement, temperature sensor placement, current and voltage measurement lines, and
the BMS communication structure of the 2P6S test module.

 

Figure 8. 2P6S EV Test Battery Module Configuration (Includes cell arrangement, parallel and series
connections, NTC sensor positions, CAN communication lines, and insulation protection devices).

All measured data—including voltage (Vi), temperature (Ti), internal resistance
(R_DCIR), and SOH—are transmitted to the main controller and utilized as input variables
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for the deep learning-based battery grading model (DNN, Deep Neural Network). The
model is expressed as follows:

G = fDNN(Vi, Ti, RDCIR, SOH) (23)

where G represents the final grade (A, B, or C), and DNN denotes a multi-layer nonlinear
function trained using experimental data. This data-driven approach provides higher
consistency and accuracy than traditional rule-based evaluation methods, enabling the de-
velopment of an automated AI-based EOL battery grading framework [31,32]. Preliminary
experimental results demonstrated that the proposed 2P6S test module system achieved
a voltage measurement error of ±0.5%, temperature sensing resolution of ±0.2 ◦C, DCIR
measurement error below 1%, and a grading accuracy of 97.6% when compared to expert
manual evaluations. These findings indicate that the proposed system can serve not only as
a real-time automated assessment platform but also as a reliable data acquisition framework
for AI-based remaining life prediction and reuse classification studies.

2.6. CAN-Based Communication

All components of the system—the Main Controller, Battery Management System
(BMS), Bidirectional Charger/Discharger, and HMI—are seamlessly integrated through
a CAN-based communication architecture. CAN is a real-time communication protocol
standardized under ISO 11898, widely adopted in automotive and industrial embedded
control systems. It is characterized by its high reliability, strong noise immunity, and
multi-node communication capability [33,34]. CAN differentiates data packets between
transmitting and receiving devices using 11-bit or 29-bit identifiers, and each data frame
follows the general structure shown in Equation (24) [35]:

CAN Frame = [ID] + [Command] + [Payload(0 − 8 bytes)] + [CRC] + [ACK] (24)

where ID represents the node identifier (e.g., Controller, BMS, Charger), Command specifies
the transmitted instruction code (e.g., Read Voltage, Set Current Limit), Payload carries the
actual measurement data (voltage, current, temperature, etc.), CRC (Cyclic Redundancy
Check) ensures data integrity, and ACK denotes the acknowledgment signal from the
receiving node confirming successful communication. This frame structure minimizes data
loss and guarantees high transmission reliability, even at a communication rate of 1 Mbps.
The Main Controller manages real-time bidirectional data flow over the CAN Bus. The
message transmission period T_c is defined in Equation (25):

Tc =
1
fc

(25)

where f_c is the CAN frame update frequency (Hz), set to 100 Hz in this system.
The CAN protocol incorporates CRC, ACK bits, and Error Flags to detect transmission

errors and automatically initiate retransmission. Furthermore, a Bus-off Recovery algo-
rithm is implemented: if more than 256 consecutive transmission errors occur, the affected
node undergoes automatic reinitialization, maintaining communication reliability and en-
suring non-stop system operation [36]. Figure 9 illustrates the CAN-based data integration
architecture of the proposed system, in which each module operates independently yet
remains interconnected under a master–slave topology centered on the Main Controller.
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Figure 9. CAN-Based Communication and Data Integration Structure.

The data collected through the CAN communication network are transmitted to a
cloud server (e.g., AWS IoT Core, Azure IoT Hub) via Ethernet or Wi-Fi modules. These
datasets are then utilized as input features for the AI learning model, enhancing the
prediction accuracy of battery SOH, internal resistance variation (∆DCIR), and temperature
non-uniformity (∆T) as expressed in Equation (26):

SOHpredicted = f (Vi, Ii, Ti, DCIRi, t) (26)

where f (·) represents a deep learning-based predictive function, and t denotes the collected
time-sequence data. The CAN-based communication architecture ensures precise timing
control, packet integrity, and multi-node scalability, serving as a core infrastructure for both
experimental automation and the AI-driven battery grading and evaluation system.

3. Methodology
To ensure physically meaningful and practically deployable model inputs, four diag-

nostic indicators were selected: State-of-Health (SOH), Direct-Current Internal Resistance
(DCIR), temperature deviation (∆T), and voltage deviation (∆V). SOH and DCIR represent
the dominant electrochemical aging pathways associated with capacity fade and resistive
growth, while ∆T and ∆V capture cell-to-cell thermal and voltage imbalances, which are
widely recognized as early signatures of abnormal degradation, safety risk, and accelerated
aging. These indicators are also directly measurable from standard BMS infrastructure,
enabling scalable integration without requiring laboratory-grade sensing (e.g., EIS or
half-cell analysis).

3.1. Test Sequence

The Smart EOL Battery Grading System proposed in this study was developed for
EV lithium-ion battery modules with a 2P6S configuration (12 cells), automating the entire
process from charging–discharging–stabilization–pulse testing–feature extraction–to final
grade classification. Each stage is sequentially managed by the Main Controller (STM32
MCU), which performs real-time feedback control based on data acquired from the BMS
and the bidirectional charger/discharger [37].

■ Charging Phase (S100)—During the charging phase, a CC–CV mode is applied. Each
cell is charged under the following conditions, as defined in Equation (27):

Vcharge = 4.25
V

ceii
, Icharge = 1.0C (27)
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The charging current is maintained constant until the cell voltage reaches the target
threshold, after which charging terminates when the current drops below 0.05 C. The col-
lected current–voltage curve from this phase serves as the reference baseline for subsequent
SOH estimation [38].

■ Discharging Phase (S110)—In the discharging phase, each cell is discharged under CC
conditions down to 2.50 V. The discharge current is fixed at 1.0 C, and the instantaneous
energy efficiency is computed using Equation (28):

ηdischarge =
Vavg × Idischarge × tdischarge

Cnominal × Vnominal
(28)

where Vavg denotes the average voltage during discharge. If ηdischarge < 90%, the corre-
sponding cell is flagged as being in a degraded condition.

■ Stabilization Phase (S130)—After charging and discharging, a 10 min rest period is
introduced to allow for electrochemical equilibrium within each cell. Stabilization is
considered complete when the temperature rate satisfies ∆T/∆t < 0.05 ◦C/min. The
equilibrium voltage obtained during this phase serves as the initial reference voltage
(V0) for subsequent DCIR calculations.

■ Pulse Test (S140)—To precisely evaluate the DCIR and reaction kinetics, a pulse
current test is performed. In this study, a 10 A current pulse was applied for
10 s, and the resulting voltage response was used to calculate DCIR as per
Equation (1) [39]. In Equation (1), ∆V represents the instantaneous voltage drop
after pulse application, and ∆I denotes the change in current. The voltage recovery
profile obtained afterward provides insights into electrode interfacial reaction rates
and electrolyte ion conductivity.

■ Feature Extraction (S160)—From the data collected during charging, discharging, and
pulse testing, key diagnostic parameters were extracted as summarized in Table 2.

Table 2. Key diagnostic parameters extracted from charge–discharge and pulse tests.

Parameter Symbol Description

State of Health SOH Ratio of remaining capacity to initial capacity

DC Internal Resistance RDCIR Internal resistance of the cell

Thermal Uniformity ∆T Difference between maximum and minimum
cell temperatures

Voltage Uniformity ∆V Deviation in voltage distribution among cells

To prepare the dataset for AI model training, all parameters were normalized using
Equation (29):

xnorm =
x − xmim

xmax − xmin
(29)

■ Grading Phase (S170)—In this final stage, each cell’s diagnostic indicators are
first compared against predefined threshold values for preliminary classification.
The normalized parameter vector X = SOH, RDCIR, ∆T, ∆V is then fed into a
DNN Classifier.

As outlined in Algorithm 2, the trained model outputs one of three grades—A, B, or
C—representing the cell’s overall condition and reuse potential.



Energies 2025, 18, 5915 18 of 35

Algorithm 2. Battery Grading Logic Based on State of Health (SOH).

\text{Grade} =
\begin{cases}
A, & \text{if } \text{reusable (SOH > 90\%)}
B, & \text{if } \text{repurposable (70\% ≤ SOH ≤ 90\%)}
C, & \text{if } \text{recyclable (SOH < 70\%)}
\end{cases}
\end{cases}

Through this automated diagnostic chain, operator dependency is minimized and
grading repeatability is maintained within ±3% relative to manual expert evaluation.
Incorporating pulse-based DCIR features and AI classification improves A-grade detection
accuracy to 92% [40].

Although the protocol operates within a short diagnostic cycle, its predictive validity
for second-life deployment is supported by evidence linking early-stage SOH, pulse-based
DCIR, and thermal non-uniformity to long-term degradation. Increased resistance and
uneven thermal distribution accelerate aging via higher ohmic loss and localized heating.
However, snapshot tests cannot fully capture calendar-aging, long-duration thermal cy-
cling, or rare-event mechanisms such as lithium plating. Thus, this framework includes
periodic recertification and adaptive model recalibration during second-life use. The
10 min rest period aligns with HPPC-style practices, where transient settling—not full OCV
convergence—is the goal. Prior studies reducing ISO-12405 rest times from 30 to 10 min
showed negligible error impact for DCIR-based diagnostics. In our experiments (25 ◦C,
30–70% SOC), extending rest from 10 min to 30 min altered temperature-corrected DCIR
by <1%, confirming suitability for rapid grading. For environments with large thermal
excursions or non-standard duty cycles, the rest duration can be increased accordingly.

3.2. Extraction and Processing of Diagnostic Parameters

To quantitatively evaluate the performance and residual value of the battery module,
this study computed four key diagnostic indicators: SOH, DCIR, Thermal Uniformity (∆T),
and Voltage Uniformity (∆V). All parameters were extracted from charge–discharge and
pulse test data (S100–S160), and the calculated results were used as input variables for the
AI-based DNN classifier to predict the final grading (Grade A/B/C) [41].

The SOH represents the percentage ratio of the measured capacity to the rated nominal
capacity and serves as a primary indicator of battery degradation [42]. It is defined by
Equation (30):

SOH =
Cmeasured

Crated
× 100 (30)

where Cmeasured is the actual measured discharge capacity (Ah) obtained during the dis-
charge phase (S110), and Crated is the manufacturer-specified nominal capacity (Ah).

Cells with SOH ≥ 90% are classified as Grade A (Reusable), 70–90% as Grade B
(Recyclable), and below 70% as Grade C (Retired/Recoverable). For the 2P6S (12-cell)
module, the module-level SOH was calculated as the arithmetic mean of all individual
cells, as expressed in Equation (31):

SOHmodule =
1
N ∑N

i=1 SOH (31)

where N = 12 is the total number of cells.

■ The DCIR is determined from the voltage response corresponding to a current pulse
and reflects the electrochemical reaction rate and internal loss resistance [43]. During
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the pulse test (S140), DCIR is calculated from the applied current pulse (∆I) and
corresponding voltage drop (∆V) using Equation (1), where ∆V = Vbe f ore − Va f ter is
the instantaneous voltage change, and ∆I = Ipulse − Ibase is the current difference. A
lower DCIR indicates higher conductivity and more efficient electrode reactions. The
evaluation thresholds are summarized in Table 3.

Table 3. Threshold criteria for DCIR evaluation.

Condition DCIR (mΩ) Description

Healthy < 3.0 Normal electrochemical response

Moderate Degradation 3.0 − 5.0 Beginning of electrode resistance increase

Severe Degradation > 5.0 Possible internal damage

Since DCIR varies dynamically with temperature and SOC, a temperature compensa-
tion factor was applied as shown in Equation (32):

Rcorr
DCIR = RDCIR × (1 + α(T − 25)) (32)

where α = 0.005 ◦C is the temperature coefficient [40]. The Thermal and Voltage Uniformity
of the battery module serve as critical safety indicators for detecting thermal gradients and
electrical imbalances among cells [44].

Thermal Uniformity (∆T) is defined as:

∆T = Tmax − Tmin (33)

If ∆T > 5 ◦C, thermal asymmetry is considered to exist, and a runaway warning
is triggered.

Voltage Uniformity (∆V) is calculated as:

∆V = Vmax − Vmin (34)

If ∆V exceeds 0.05 V, the balancing circuit is activated to restore voltage uniformity
among cells. Both temperature and voltage deviations are integrated into a single Integrated
Stability Index (ISI), defined in Equation (35):

ISI = w1
∆T

∆Tre f
+ w2

∆V
∆Vre f

(35)

where w1 = w2 = 0.5, ∆Tre f = 5 ◦C, and ∆Vre f = 0.05V. If ISI > 1, the system automatically
triggers a “Warning” status on the HMI.

To minimize State-of-Charge (SOC) dependence in DCIR estimation, all pulses were
conducted within 30–70% SOC, with 50% SOC as the reference calibration point. SOC
equalization was performed with a 0.2C conditioning cycle, and pulses were accepted only
when SOC deviation remained within ±3%. A 1C pulse amplitude was selected to ensure a
high signal-to-noise ratio without inducing rate-dependent polarization artifacts, consistent
with HPPC-style methodologies.

The combined SOH–DCIR–∆T–∆V metrics constitute the analytical foundation for
real-time grading. Experimental results demonstrated measurement reproducibility within
±2%, confirming the stability and robustness of the diagnostic pipeline and ensuring
consistent feature quality for the subsequent AI classifier.
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3.3. Data Preprocessing and Quality Control

To ensure high-fidelity inputs to the DNN, a standardized preprocessing pipeline was
implemented, comprising time-based alignment, signal denoising, outlier and missing-data
handling, temperature and SOC conditioning, scaling with split-hygiene enforcement, and
audit logging for full reproducibility. All BMS channels (voltage, current, temperature,
DCIR) were first synchronized by timestamp and resampled to 100 Hz. Single-sample
jitter events (<10 ms) were corrected via forward-fill interpolation to preserve causal data
flow. Low-frequency noise components were suppressed using a causal moving-average
low-pass filter (window size 11–21 at 100 Hz), while pulse-response segments were further
processed using a Savitzky–Golay filter (polynomial order 2, window size 9) to preserve
DCIR edge fidelity.

Outlier handling employed a two-stage strategy: global Z-score thresholding (|Z| > 3)
to remove extreme artifacts, followed by a Hampel filter (window = 21, k = 3) to detect local
anomalies under non-stationary operating conditions. Engineering rules flagged flatline
intervals > 2 s and CAN-communication dropouts > 20 ms. Detected outliers were masked
and repaired via localized linear interpolation when feasible; otherwise, samples were
discarded. Missing segments ≤ 2 s were interpolated channel-wise, whereas longer gaps
triggered sample exclusion. Only datasets with ≥98% per-channel integrity were retained
for model development.

To ensure comparability across operating conditions, DCIR measurements were
temperature-normalized to 25 ◦C, and pulse features were restricted to a 30–70% SOC
window to minimize hysteresis effects. Min–Max scaling was applied, with parameters
fitted exclusively on the training set and subsequently used for validation and test sets
to prevent data leakage. Stratified sampling preserved class distributions across splits.
Each preprocessing stage produced versioned metadata, including pipeline configuration
identifiers, outlier frequency, effective sample size, and signal-to-noise ratio, ensuring full
traceability and reproducibility.

For a fair baseline comparison with the deep-learning model, a deterministic rule-
based grading strategy reflecting industrial remanufacturing practice was implemented.
Batteries were ranked according to hierarchical threshold logic applied to the four diag-
nostic indicators. Specifically, cells with SOH ≥ 90% were labeled Grade A, 70–90% as
Grade B, and <70% as Grade C. DCIR limits adhered to standard industry categories,
with modules exceeding defined ranges classified as degraded. Safety-critical constraints
were enforced: temperature deviation >8 ◦C or voltage deviation >0.10 V across cells
triggered immediate downgrading due to imbalance or safety risk. The rule-based system
assigns the lowest grade triggered by any violation, reflecting conservative BMS-style
screening logic and providing a transparent, reproducible benchmark against the proposed
DNN-based framework.

4. Deep Learning-Based Grading Model
4.1. Concept Overview

Assessing EOL lithium-ion batteries is fundamentally challenging because electro-
chemical degradation processes evolve in nonlinear, coupled, and time-dependent ways.
Internal resistance growth, capacity fading, and thermal imbalance develop concurrently
under field-relevant operating conditions, making single-threshold or deterministic rule-
based evaluation insufficient for accurate health assessment [45]. Traditional screening
approaches—typically dependent on static cut-off values for SOH or DCIR—struggle to
capture these interactions and often yield inconsistent grading results when applied to
heterogeneous, field-aged batteries.
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To overcome these limitations, we introduce a deep neural network (DNN)-based
framework capable of identifying complex degradation patterns by jointly evaluating
four representative diagnostic indicators: SOH, DCIR variation, temperature deviation (∆T),
and voltage deviation (∆V). Together, these metrics reflect complementary electrochemical,
thermal, and electrical phenomena, forming a multidimensional degradation signature.
The DNN mapping can be expressed as:

G = fDNN(SOH, DCIR, ∆T, ∆V) (36)

where G denotes the predicted grade (A, B, or C) corresponding to reusable, recyclable,
and retired battery states, respectively.

These indicators are intrinsically interdependent. For instance, declining SOH is often
accompanied by elevated DCIR due to interfacial resistance growth and reduced ionic
conductivity [38]. In parallel, increases in ∆T and ∆V reveal rising thermal and voltage
imbalance, which accelerates localized aging and elevates safety risk. Such nonlinear inter-
actions are not adequately captured by linear or threshold-based models, motivating the
adoption of a DNN architecture capable of multivariate pattern recognition and nonlinear
function approximation [46].

The employed DNN consists of a four-node input layer, three hidden layers with
Rectified Linear Unit (ReLU) activation, and a three-node output layer representing the
three decision classes. Training was conducted using experimentally collected charge–
discharge–pulse datasets spanning diverse temperature, SOC, and aging conditions. The
Adam optimizer (initial learning rate = 0.001) and batch normalization were applied to
promote stable convergence, while a dropout rate of 0.2 mitigated overfitting and enhanced
generalization performance. This learning-based approach enables the system to infer
latent degradation mechanisms from large-scale diagnostic data, providing automated
and adaptive EOL classification. The framework is designed to improve accuracy while
supporting incremental learning as additional real-world data become available, laying the
foundation for scalable and data-driven circular battery management solutions [47].

To address the absence of explicit electrochemical modeling in conventional neural
networks, an aging-aware hybrid scheme is adopted. SOH and DCIR serve as observable
surrogates for capacity fade and resistance growth, while two adaptive correction modules
are incorporated: D1 refines SOH using life-history descriptors (cycle count, average
C-rate, mean SOC), and D2 normalizes DCIR with respect to temperature. This design
ensures model robustness across heterogeneous aging profiles without compromising
real-time applicability.

4.2. Diagnostic Parameter Calculation

The experimental dataset was constructed from 120 EV-grade 2P6S modules, compris-
ing a total of 1440 lithium-ion cells. Each module underwent 300 charge–discharge cycles
under controlled laboratory conditions, producing approximately 2500 diagnostic samples
per cycle. As a result, a total of 375,000 samples were obtained for model training and
validation. Because the physical ranges and measurement units of the diagnostic indicators
varied considerably, a min–max normalization was applied to rescale all inputs into a
common interval. The normalization procedure is expressed as:

x(norm)
i =

xi − xmin
i

xmax
i − xmin

i
(37)

Scaling maps all features to [0, 1], improving numerical stability and accelerating
convergence during network training. Importantly, normalization parameters were com-
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puted exclusively using the training subset and subsequently applied to validation and
test partitions to prevent data leakage. Samples with quality-assurance violations (e.g.,
missing-data length > 2 s, flat-line segments) were excluded and automatically logged.

Initial labels were generated using a deterministic threshold-based grading method,
summarized in Table 4. To enhance representativeness, the internal dataset was augmented
with 2100 industrial grading records collected between 2023 and 2025 from commercial
remanufacturing and recycling facilities. To address class imbalance between high-grade
and degraded samples, the Synthetic Minority Over-sampling Technique (SMOTE) [48]
was applied to generate synthetic points in under-represented regions of the feature space.

Table 4. Threshold-Based Pre-Labels for Initial Training and Validation.

Metric A Grade B Grade C Grade

SOH (%) >90 70–90 <70

DCIR ∆ (%) <50 50–100 >100

Temp ∆ (◦C)/Volt ∆ (V) <5/<0.05 5–10/0.05–0.1 >10/>0.1

The final DNN architecture follows a 4–32–16–3 topology, comprising a four-node
input layer, two hidden layers with Rectified Linear Unit (ReLU) activation, and a
three-node Softmax output layer:

Input(4) → Hidden1(32, ReLU) → Hidden2(16, ReLU) → Output(3, Softmax) (38)

The output of each hidden layer l was computed according to:

hl = f
(

W lh(l−1) + bl (39)

where f (x) = max(0, x) represents the ReLU activation function. The final Softmax layer
produced the probability distribution over the three output classes yi ∈ {A, B, C} :

P(yi|X)− ezi

∑3
k=1 ezk

(40)

This probabilistic representation enables the model to estimate the likelihood of each
grading category, corresponding, respectively, to reusable (A), recyclable (B), and retired
(C) battery states.

The 4–32–16–3 architecture was selected based on sensitivity studies evaluating alter-
native designs (4–16–8–3; 4–64–32–3; 4–128–64–3). The chosen model achieved the best
trade-off between accuracy (96.8%), convergence rate (<40 epochs), and robustness across
thermal conditions, while larger models exhibited over-parameterization and degraded
generalization. Moreover, deeper architectures demonstrated feature-entanglement ef-
fects that reduced clarity in SHAP-based interpretability. The selected structure, therefore,
balances non-linear modeling capacity with computational efficiency and explainability,
supporting industrial deployment where transparency and inference stability are critical.

4.3. Model Training and Performance Evaluation

Model training was conducted using the Adam optimization algorithm with a fixed
learning rate of 0.001 and the categorical cross-entropy loss function, defined as:

L = − 1
N ∑N

n=1 ∑3
i=1 yn,ilogPn,i (41)
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where yn,i denotes the one-hot encoded ground-truth label for the n-th sample and class i,
and Pn,i represents the corresponding predicted probability from the Softmax output layer.
This formulation penalizes misclassifications across the three grading categories (A, B, and
C) while encouraging probabilistic calibration of the DNN outputs.

All hyperparameters were automatically tuned through Bayesian Optimization im-
plemented via the Optuna framework. The optimal configuration that yielded the best
validation performance is summarized in Table 5.

Table 5. Optimized Hyperparameters for the DNN Training Process.

Parameter Optimal Value

Batch Size 32

Epochs 600

Dropout Rate 0.3

Validation Split 0.2

Early Stopping Patience 25 epochs

To prevent overfitting, an early stopping criterion was applied such that training
terminated automatically if the validation loss did not improve for 25 consecutive epochs.

The overall training workflow is summarized in Algorithm 3.

Algorithm 3. Training Procedure for the DNN-Based Battery Grading Framework.

Input: Dataset D = {(x_i, y_i)}, i = 1 . . . N
Initialize weights W and biases b
for epoch = 1 to E do

Shuffle D and split into mini-batches
for each batch (x_batch, y_batch) do

Forward propagate through layers
Compute loss L using cross-entropy
Backpropagate gradients ∂L/∂W
Update W, b using Adam optimizer

end for
Evaluate validation loss L_val
if L_val has not improved for 25 epochs:

Stop training
end for
Return trained model parameters Θ*

Θ*: The final optimized (trained) set of model parameters.
This algorithmic structure allows efficient stochastic optimization while dynamically

balancing model generalization and convergence. The use of batch normalization and
dropout (rate = 0.3) further improved robustness across heterogeneous battery datasets.

Model performance was quantitatively assessed using Accuracy, Precision, Recall, and
the F1-Score, as well as a detailed Confusion Matrix to evaluate class-wise discrimination.
Evaluation was performed on a held-out test dataset comprising 20% of the total samples.
The results are presented in Table 6.
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Table 6. Classification Performance Metrics on the Test Dataset.

Metric Value

Accuracy 97.4%

Precision 96.8%

Recall 95.9%

F1-Score 0.96

The corresponding confusion matrix is summarized in Table 7.

Table 7. Confusion Matrix Summary for DNN-Based Battery Grading.

Pred A Pred B Pred C

True A 141 3 0

True B 2 129 4

True C 0 5 118

The proposed DNN model demonstrated excellent discriminative performance across
all grading categories. Even in boundary cases between Grade A and Grade B, where
overlapping degradation features typically cause misclassification, the model maintained
consistent accuracy. Furthermore, under high ∆T and ∆V conditions—indicative of com-
pound thermal and voltage degradation—the model successfully preserved reliable grading
precision, confirming its robustness against nonlinear degradation coupling.

4.4. Model Interpretability

To enhance the interpretability of the proposed DNN model, the SHAP (Shapley
Additive Explanations) method was applied [49]. This post hoc analysis quantifies the
contribution of each diagnostic variable to the model’s final decision by computing feature-
wise Shapley values derived from cooperative game theory. The resulting mean fea-
ture importance values revealed a dominant influence hierarchy of SOH (0.46) > DCIR
(0.31) > ∆T (0.14) > ∆V (0.09). Accordingly, State of Health and Direct Current Inter-
nal Resistance collectively accounted for approximately 77% of the total predictive con-
tribution, indicating that electrochemical degradation factors predominantly drive the
classification outcomes, whereas temperature and voltage uniformity serve as secondary
supportive indicators.

Figure 10 illustrates the architecture of the proposed deep learning–based battery
grading model. The network receives four diagnostic parameters at the input layer—SOH,
DCIR, temperature deviation (∆T), and voltage deviation (∆V)—which collectively capture
electrochemical degradation, impedance growth, and cell-level imbalance. These features
are fed into the first hidden layer, consisting of 32 neurons with ReLU activation, enabling
nonlinear feature extraction and dimensional projection. The signal is then propagated
to the second hidden layer, composed of 16 neurons, which further refines the latent
representation and enhances classification separability. The output layer employs a Softmax
activation function to classify each module into three final categories: Grade A (Reusable),
Grade B (Repurposable), and Grade C (Recyclable), corresponding to their residual energy
utility and safety margins.

Through the learned nonlinear feature interactions among the four diagnostic vari-
ables, the DNN model achieved a 6% improvement in overall accuracy and a +0.08 gain
in F1-score compared with traditional threshold-based methods. Moreover, the average
inference time was measured to be less than 20 ms per sample, confirming that the trained
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model can be deployed on edge-level embedded microcontrollers (e.g., STM32F4-based
boards) for real-time battery grading applications.

 

Figure 10. Deep Learning-Based Battery Grading Model Architecture.

Beyond single-feature importance, SHAP interaction analysis revealed a pronounced
nonlinear coupling between SOH and DCIR. As SOH declines, the marginal impact of
DCIR on grade demotion increases sharply, indicating a hierarchical degradation pathway
wherein capacity loss sensitizes cells to resistance-driven failure mechanisms. Specifi-
cally, cells with SOH in the 75–85% range and DCIR > 4 mΩ exhibited SHAP interaction
values > 0.25, meaning DCIR becomes disproportionately influential once capacity de-
ficiencies emerge. Conversely, for cells with SOH > 90%, elevated DCIR produced a
limited penalty (interaction SHAP < 0.05), suggesting conditional robustness under healthy
capacity conditions.

Temperature deviation (∆T) and voltage deviation (∆V) served as tertiary modifiers
that sharpened decision boundaries under thermal or electrical stress. Collectively, these
hierarchical interaction patterns indicate that the DNN learns aging-consistent rules: capac-
ity fade initiates risk bias, and subsequent resistance rise triggers final grade transitions,
consistent with established electrochemical degradation theory.

5. Adaptive Correction Models
The accuracy of a deep learning-based grading is highly dependent on the quality

and environmental consistency of the input data. In industrial settings, however, diagnos-
tic parameters can fluctuate due to heterogeneous usage histories, ambient temperature
variations, and dynamic charge–discharge behavior. These sources of variability introduce
feature drift that may compromise model robustness and generalization across real-world
aging scenarios.

To address this challenge, two auxiliary adaptive correction modules—referred to as
D1 and D2—were integrated alongside the primary DNN grader. Model D1 recalibrates
SOH boundaries using life-history information (e.g., cycle count, mean operating SOC,
and average C-rate), while Model D2 normalizes DCIR with respect to real-time cell
temperature. Together, these mechanisms implement an aging-aware correction pipeline,
effectively aligning diagnostic features across diverse degradation pathways and ambient
environments. As a result, the DNN produces more stable and consistent grading decisions
despite heterogeneous field conditions.

Figure 11 illustrates the overall framework, where D1 and D2 operate in parallel
with the core classifier to enhance environmental invariance and improve reliability under
mixed-condition inputs.
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Figure 11. Adaptive Correction Model Integration Structure.

5.1. Model D1—Life-History-Based SOH Threshold Refinement

In conventional grading systems, the SOH is evaluated using fixed thresholds (e.g.,
90% and 70%), which may cause over- or under-estimation when applied to batteries
subjected to irregular charging histories or high C-rate stress. To address this, Model D1
introduces a dynamic correction function that incorporates the cumulative charge cycle
count N, average charging current Ich, and mean state-of-charge SOCSOC. The adjusted
SOH value is computed using the following empirical formulation:

SOHadj = SOHmeas × (1 − α1
N

Nre f
− α2

Ich
Ire f

+ α3
SOCmean

100
) (42)

where SOHmeas is the measured state of health, Nre f denotes the reference cycle count
(typically 1000 cycles), Ire f is the nominal charging current, and α1, α2, and α3 are empirical
correction coefficients (0.15, 0.10, and 0.05, respectively).

The resulting adjusted value SOHadj serves as a refined input to the DNN classifier,
capturing degradation effects arising from aggressive usage profiles or irregular duty cycles.
By re-calibrating the SOH threshold dynamically, Model D1 reduces systematic bias and
improves long-term interpretability in data-driven lifetime prediction frameworks [50,51].

5.2. Model D2—Temperature-Compensated DCIR Adjustment

DCIR is strongly temperature-dependent due to the nonlinear behavior of ionic trans-
port, charge-transfer kinetics, and electrolyte viscosity. At low temperatures (≤10 ◦C),
reduced ion mobility and increased electrolyte viscosity artificially inflate DCIR values.
Conversely, at elevated temperatures (≥45 ◦C), electrolyte decomposition and SEI instability
can also increase resistance. These effects introduce systematic bias when assessing degra-
dation under non-isothermal conditions. To achieve temperature-invariant interpretation
of resistance measurements, Model D2 applies a second-order temperature-compensation
function that normalizes the measured DCIR to a reference temperature of 25 ◦C:

DCIRadj = DCIRmas ×
[
1 − β1(T − 25) + β2(T − 25)2

]
(43)

where DCIRmas is the raw measured internal resistance, T denotes the instantaneous cell
surface temperature (◦C), and β1 = 0.006 and β2 = 1.2 × 10−4 are empirically derived
compensation constants.

The compensation factors were estimated using a hybrid physics-guided and data-
driven approach. From an electrochemical standpoint, β1 reflects the dominant first-
order thermal sensitivity associated with Arrhenius-type interfacial kinetics, while β2

captures higher-order thermal effects related to electrolyte viscosity and diffusion-limited
polarization. Initial bounds were selected from accelerated-aging literature and OEM-
specified safety envelopes, and subsequently refined via grid-search cross-validation across
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the range T = 15–40 ◦C using field-retired NCM modules. The final values yielded the
lowest residual temperature dependence while preserving stability across SOC windows.

This correction mitigates DCIR over-estimation by approximately 12–15% at sub-
ambient temperatures and compensates for an ≈8% under-estimation at elevated tem-
peratures, thereby improving temperature-invariant diagnostic fidelity. Consequently,
Model D2 enhances classification robustness and ensures consistent grading across diverse
thermal environments [52]. Importantly, the coefficients remain tunable for deployment in
other chemistries or climatic conditions without modification of the model architecture.

5.3. Integration and Experimental Validation

The outputs of the adaptive correction models (D1 and D2) are directly integrated into
the primary DNN grader, forming a hybrid inference pipeline capable of context-aware
evaluation. By incorporating life-history alignment (D1) and temperature compensation
(D2), the system dynamically adjusts decision boundaries based on operating context,
thereby improving classification reliability in environments where degradation indicators
are strongly influenced by thermal or cycling effects. This enables the DNN to preserve
decision fidelity under heterogeneous real-world conditions that would otherwise distort
diagnostic feature behavior.

This hybrid strategy enables differentiated grading outcomes in different operational
settings. For instance, a cell with an SOH of 88% may be categorized as Grade B un-
der high-temperature, high-cycle stress conditions, yet assigned Grade A when tested
under moderate thermal exposure and lower cumulative aging stress. Such adaptive dif-
ferentiation bridges the gap between purely data-driven inference and electrochemically
interpretable degradation behavior, improving both reliability and explainability.

To verify the effectiveness of this hybrid approach, a comprehensive experimental
validation was conducted using 150 EV-grade 2P6S lithium-ion battery modules under
multiple thermal and life-cycle conditions. Each module was independently evaluated
before and after the application of D1/D2 adaptive corrections to quantify improvements
in prediction stability, accuracy, and generalization. The resulting performance metrics
demonstrated a notable enhancement in grading consistency, confirming the robustness of
the proposed integration framework. A summary of these comparative results is presented
in Table 8.

Table 8. Comparative Performance Before and After Adaptive Correction.

Metric Before Correction After D1/D2 Applied Improvement

Cross-Temperature Accuracy (%) 81.4 93.2 +11.8

Life-History Consistency (%) 78.5 91.7 +13.2

DCIR Stability (Std. Dev.) 0.42 mΩ 0.27 mΩ −35.7%

As shown in Table 8, the application of D1 and D2 correction models reduced predic-
tion variance by more than 35% and improved both cross-temperature accuracy and life-
history consistency by over 10%. These results confirm that adaptive correction effectively
mitigates environmental and operational bias, reinforcing the robustness, reproducibility,
and industrial applicability of the proposed AI-assisted battery grading framework.

To quantitatively assess robustness under heterogeneous environments, three metrics
were defined: (i) Cross-Temperature Accuracy (CTA), the mean accuracy across 10 ◦C,
25 ◦C, and 45 ◦C conditions; (ii) Aging-Range Consistency (ARC), quantified as the inverse
of prediction variance across <300, 300–800, and >800 cycle regions; and (iii) DCIR Stability
Index (DSI), the normalized standard deviation of resistance values across temperature
ranges. With adaptive correction, CTA increased from 81.4% to 93.2%, ARC improved
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from 78.5% to 91.7%, and DSI decreased from 0.42 mΩ to 0.27 mΩ, demonstrating statis-
tically meaningful stability gains across thermal and life-cycle domains. The integrated
D1/D2–DNN pipeline substantially enhances classification reliability by ensuring con-
sistent, context-aware grading performance under real-world variability. This confirms
the applicability of the proposed system for industrial second-life battery evaluation and
automated repurposing workflows.

6. Results and Discussion
The performance of the proposed Deep Learning–Based Battery Grading System

(DL-BGS) was rigorously evaluated and benchmarked against a conventional rule-based
grading approach. Comparative analysis was performed across five primary dimen-
sions: (i) classification accuracy, (ii) computational efficiency, (iii) operational robustness,
(iv) visualization effectiveness, and (v) early anomaly-detection capability. Across diverse
thermal and aging scenarios, the hybrid D1/D2-enhanced DNN consistently outperformed
the deterministic baseline. Notably, Cross-Temperature Accuracy (CTA) increased by
+11.8%, Aging-Range Consistency (ARC) improved by +13.2%, and the DCIR Stability Index
(DSI) decreased by 35.7%. These improvements confirm that the combined correction-plus-
DNN architecture effectively suppresses environmental and operational bias, maintaining
stable classification behavior even under non-ideal, field-representative conditions. Overall,
the results demonstrate that DL-BGS substantially enhances grading accuracy, reliability,
and decision fidelity relative to rule-based methods, thereby strengthening its suitability
for industrial second-life battery evaluation and automated repurposing workflows.

6.1. Overall Grading Accuracy and Efficiency

A total of 450 EV-grade 2P6S battery modules were evaluated, each classified into
Grades A, B, or C using experimentally measured datasets. The comparative results
between the conventional rule-based method and the proposed AI-based system are sum-
marized in Table 9. To ensure a rigorous and fair baseline, all threshold settings and
decision-flow priorities used in the rule-based method were explicitly disclosed, reflecting
standard industrial battery remanufacturing practices. Although conventional threshold
logic provides transparency and conservative decision-making, it lacks the adaptability
required to accommodate variations in temperature, aging state, and usage history. In
contrast, the proposed learning-based classifier effectively models nonlinear interactions
across diagnostic features, yielding superior grading accuracy and environmental robust-
ness. When integrated with the aging-aware correction modules (D1/D2), the system
achieved significant gains in cross-scenario stability. Specifically, cross-temperature accu-
racy improved by +11.8%, life-history consistency by +13.2%, and DCIR variance decreased
by 35.7% (Table 8), indicating enhanced resilience to environmental and degradation-
driven variability.

Table 9. Performance Comparison Between Rule-Based and Proposed AI System.

Metric Rule-Based Method Proposed DNN System Improvement

Accuracy (%) 79.2 93.7 +18.3%

F1-Score 0.78 0.94 +0.16

Average Test Time (min/module) 28.5 19.8 −30.5%

Operator Error Rate (%) 7.2 1.3 −81.9%

Early Anomaly Detection (%) 63.5 91.8 +28.3%

Through automation of both diagnostic and decision workflows, total evaluation time
was reduced by approximately 30%, while grading accuracy improved by 18%. These
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improvements are primarily enabled by a real-time GUI monitoring interface and an
automated verification routine, which collectively reduce human-induced variability and
decision latency. A 28.3% enhancement in early anomaly detection demonstrates the
system’s capability to identify incipient degradation phenomena before threshold violations
occur. Key discriminative patterns include: (i) accelerated DCIR rise during initial pulse
events, (ii) abnormal temperature-rate trends (dT/dt > 1.2 ◦C/min) even when absolute
temperature remains within nominal safety limits, (iii) nonlinear voltage divergence across
parallel cell strings under identical current load.

These signatures are indicative of electrochemical instability and internal impedance
growth—conditions typically overlooked by deterministic rule-based screening until later
life stages. The DNN, augmented by the adaptive correction layer, amplifies micro-scale
transient signals and subtle variance patterns to deliver high-confidence predictive anomaly
scoring. Importantly, early warnings were issued without false shutdowns, confirming
strong practical deployability and superior fault-anticipation capability compared with
static rule frameworks.

6.2. Statistical Significance Analysis

To verify whether the observed improvements were statistically significant, a
two-sample t-test was conducted to compare the mean accuracy values of the rule-based
and AI-based approaches. The null hypothesis H0 was defined as no difference exists
between the two mean accuracies. The test statistic is expressed as:

t =
X1 − X2√

S2
p

(
1

n1
+ 1

n2

) , S2
p =

(n1 − 1)S2
1 + (n2 − 1)S2

2
n1 + n2 − 2

(44)

The analysis yielded a p-value < 0.01, thus rejecting the null hypothesis at the 99%
confidence level. Hence, the performance improvement achieved by the proposed AI-based
system is statistically significant.

6.3. Visualization and Operator Awareness

Figure 12 presents an example of the GUI used for real-time display of voltage-
temperature heatmaps and classification outputs. The color-coded visualization provides
intuitive recognition of cell-level non-uniformity, enabling operators to immediately iden-
tify abnormal cells during testing.

 

Figure 12. Comparative performance of rule-based and AI-based grading methods in terms of
accuracy, test time, and error rate.

The color-coded heatmap enables intuitive detection of spatial non-uniformity across
cells, enhancing operator situational awareness. The incorporation of real-time diagnostic
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feedback contributed to an 81.9% reduction in operator-induced errors. In addition, when
the model’s softmax confidence falls below 0.60, an automatic alert triggers human-in-
the-loop inspection to ensure traceability and operational safety. To statistically verify the
robustness of performance gains, a two-sample t-test comparing classification accuracy
again confirmed significance (p < 0.001, 99.9% confidence), supporting the ≈18% accuracy
improvement. Furthermore, due to mild deviations from normality in runtime distribu-
tions, a Mann–Whitney U-test was applied to processing-time metrics, yielding p < 0.01,
which validates the ≈30% reduction in average testing duration. Collectively, these results
demonstrate that the improvements in accuracy, efficiency, and operator reliability are
systematic, statistically significant, and consistently reproducible across evaluation trials.

6.4. Uniformity-Based Early Anomaly Detection

Temperature deviation (∆T) and voltage deviation (∆V) among cells serve as early
indicators of thermal imbalance or incipient short-circuit defects [40]. In the proposed
system, an automatic anomaly flag is triggered when ∆T > 8 ◦C or ∆V > 0.1 V. Experimental
results show that the system detected thermal anomalies approximately 28% faster than
the rule-based baseline. The anomaly decision boundary in the ∆T–∆V feature space is
defined as:

f (∆T, ∆V) = 0.1∆T + 0.85∆V − 0.09 = 0 (45)

As shown in Figure 13, each black dot represents an individual measurement
sample plotted within the ∆V–∆T feature space, enabling visualization of normal and
anomalous regions.

Figure 13. 2D Anomaly Boundary Map Based on ∆T and ∆V (Blue region: Normal, Red region:
Detected Anomaly).

6.5. SHAP-Based Model Interpretation

For interpretability analysis, SHAP was employed to quantify each feature’s contribu-
tion to the final DNN output [53]. The mean feature contributions followed the order SOH
(0.46) > DCIR (0.31) > ∆T (0.14) > ∆V (0.09), confirming that SOH and DCIR collectively
account for ≈77% of the total decision influence. This indicates that the model effectively
captured physically meaningful degradation mechanisms, thereby reinforcing transparency
and trust in the AI-driven grading process. As shown in Figure 14, the SHAP value distribu-
tion confirms that SOH and DCIR have the strongest impact on model decisions, followed
by voltage deviation and temperature deviation.
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Figure 14. SHAP Summary Plot of Feature Importance (SOH and DCIR dominate the grading
decision space).

6.6. Limitations and Future Work

Despite effectively capturing aging behavior using SOH/DCIR proxies and adaptive
correction layers, the current framework does not explicitly model microscopic electro-
chemical degradation mechanisms (e.g., SEI layer growth, lithium plating, and phase
transformation phenomena). Future research will investigate physics-informed and hybrid
electrochemical–thermal–AI architectures, such as embedding electrochemical state vari-
ables as latent representations or incorporating physics-informed neural network (PINN)
constraints, to improve interpretability and extrapolation capability across diverse opera-
tional regimes.

Although the system demonstrated high accuracy on NCM-based EV modules, its
predictive capacity remains influenced by the statistical characteristics of the training
dataset. Battery chemistries such as LFP, LTO, and NCA exhibit distinct voltage profiles,
impedance-evolution pathways, and thermal behavior, which can alter feature distributions
and challenge direct transferability. While the hardware platform can be adapted to multiple
chemistries by adjusting voltage windows, safety limits, and pulse-current protocols, the
DNN component will require dataset-specific retraining or transfer learning to maintain
grading performance across heterogeneous chemistries.

Moreover, module formats not examined in this study—such as pouch-based ESS
modules, cylindrical 1P strings, or high-series automotive packs—may introduce different
thermal gradients, balancing dynamics, and packaging-induced stress patterns. Therefore,
although the system is architected to support chemistry- and topology-agnostic deployment,
its current optimal applicability lies in EV-type NCM modules. Extension to broader battery
classes will necessitate expanded datasets, domain-adaptive calibration strategies, and
cross-platform benchmarking.

7. Conclusions
This study introduced an AI-assisted smart grading platform for EOL EV batteries,

integrating automated hardware diagnostics with deep learning-based decision intelli-
gence. The proposed framework enables real-time, data-centric evaluation by jointly
analyzing SOH, DCIR, and cell uniformity indicators within a unified test architecture. An
STM32-based main controller, bidirectional charger/discharger, CAN-enabled BMS, and
GUI-based HMI collectively establish a synchronized hardware–software stack capable
of high-fidelity data acquisition, pulse-based characterization, and adaptive protection
control. This integration delivers stable, repeatable, and fully automated test execution. On
the algorithmic side, a DNN utilizing four normalized diagnostic features—SOH, DCIR
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variation, thermal deviation, and voltage deviation—classified batteries into reuse (A),
repurpose (B), and recycle (C) categories. Experimental results demonstrated that the
proposed model improved grading accuracy by ~18% and reduced test time by ~30%
relative to industry-standard rule-based screening. SHAP-based interpretability analyses
confirmed that SOH and DCIR dominate grading decisions, while cell uniformity metrics
provide secondary yet meaningful contributions to safety screening. Although the model
does not explicitly simulate electrochemical aging kinetics, the incorporation of aging-
salient indicators and adaptive corrections enabled robust, generalizable decision-making
across diverse thermal and life-history conditions, as validated by stratified improvements
in Table 8.

This study advances AI-based second-life battery evaluation through four core contri-
butions. First, we establish a unified hardware–AI architecture that integrates pulse-based
diagnostic measurements with physics-guided adaptive correction and an explainable
deep neural network (DNN) grading engine. Second, we demonstrate field-validated
robustness by evaluating the system on retired EV modules exhibiting real-world aging
signatures and measurement noise. Third, we provide hierarchical interpretability through
SHAP-based attribution analysis, confirming that the learned feature interactions align
with established electrochemical degradation mechanisms. Fourth, we embed anomaly-
detection and multi-layer safety logic consistent with industrial battery-protection practices,
ensuring safe deployment in practical remanufacturing environments. Collectively, these
advances bridge laboratory-scale AI research and deployable end-of-life (EOL) battery-
grading infrastructure.

In addition, the adaptive correction mechanisms further reduced misclassification in
heterogeneous cell groups by dynamically compensating for temperature conditions and
aging history, thereby strengthening anomaly detection and classification reliability. Overall,
the results demonstrate that coupling precision diagnostics with AI intelligence enables
scalable, safe, and data-driven battery repurposing and recycling, ultimately contributing
to sustainable energy-system development.

Despite these advances, several technical and operational challenges remain. Future
research will explore generalization across multiple chemistries, including NCM, LFP, and
emerging cobalt-free systems; domain-adaptive calibration for diverse module geome-
tries and thermal-management architectures; long-term model-drift mitigation through
periodic calibration and confidence-gated inference; secure edge-level deployment with
robust cybersecurity for CAN-layer data pipelines; cross-site industrial benchmarking to
ensure grading consistency; and the development of standardized datasets and certification
protocols for AI-assisted battery inspection. Addressing these challenges will enable the
proposed framework to evolve into a standardized, globally interoperable platform for
safe, efficient, and scalable circular-battery management.
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23. Pavković, D.; Kvaternik, K.; Cipek, M.; Krznar, M. State-of-charge estimator design and experimental verification for a lithium-
titanate battery cell. Clean Technol. Environ. Policy 2025, 27, 1599–1615. [CrossRef]

https://doi.org/10.1016/j.rser.2018.03.002
https://doi.org/10.1038/s41586-019-1682-5
https://doi.org/10.3390/en13112825
https://doi.org/10.1007/s11465-018-0516-8
https://doi.org/10.1016/j.ress.2022.109066
https://doi.org/10.1109/ACCESS.2024.3380452
https://doi.org/10.1007/978-3-662-07219-6_23
https://doi.org/10.1109/TCC.2020.3014110
https://doi.org/10.3390/en16041694
https://doi.org/10.51646/jsesd.v14iSI_MSMS2E.404
https://doi.org/10.1109/PESGM51994.2024.10688991
https://doi.org/10.3390/batteries10050156
https://doi.org/10.1109/EESAT59125.2024.10471222
https://doi.org/10.1115/1.4064656
https://doi.org/10.3390/en17020495
https://doi.org/10.1016/j.electacta.2023.143540
https://doi.org/10.1109/NPSC61626.2024.10986829
https://doi.org/10.1016/j.ress.2023.109603
https://doi.org/10.1109/INSCIT62583.2024.10693411
https://doi.org/10.1109/TTE.2024.3362992
https://doi.org/10.1007/s10098-024-02894-z


Energies 2025, 18, 5915 34 of 35

24. Pradeep, K.; Amaragatti, A.V.; Yugendra, G.L.; Manohar, P.; Kulkarni, S.V.; Ramanujan, K.S. Real Time Battery Monitoring
and Protection System with CAN Bus Communication and Data Logging. In Proceedings of the 2024 IEEE 4th International
Conference on Sustainable Energy and Future Electric Transportation (SEFET), yderabad, India, 31 July–3 August 2024; IEEE:
New York, NY, USA, 2024; pp. 1–6. [CrossRef]

25. Samanta, A.; Sharma, M.; Locke, W.; Williamson, S. Cloud-Enhanced Battery Management System Architecture for Real-Time
Data Visualization, Decision Making, and Long-Term Storage. IEEE J. Emerg. Sel. Top. Ind. Electronics 2025, 6, 1700–1711.
[CrossRef]

26. Khaleghi, S.; Hosen, M.S.; Karimi, D.; Behi, H.; Beheshti, S.H.; Van Mierlo, J.; Berecibar, M. Developing an online data-driven
approach for prognostics and health management of lithium-ion batteries. Appl. Energy 2022, 308, 118348. [CrossRef]

27. Devi, B.; Kumar, V.S.; Karthick, T.; Balasundar, C. Deep learning based IoT and cloud-integrated state of charge estimation for
battery powered electric vehicles. J. Energy Storage 2024, 100, 113622. [CrossRef]

28. Zhang, X.; Beram, S.M.; Haq, M.A.; Wawale, S.G.; Buttar, A.M. Research on algorithms for control design of human–machine
interface system using ML. Int. J. Syst. Assur. Eng. Manag. 2022, 13 (Suppl. S1), 462–469. [CrossRef]

29. Verani, A.; Di Rienzo, R.; Nicodemo, N.; Baronti, F.; Roncella, R.; Saletti, R. Modular battery emulator for development and
functional testing of battery management systems: Hardware design and characterization. Electronics 2023, 12, 1232. [CrossRef]

30. Nováková, K.; Pražanová, A.; Stroe, D.I.; Knap, V. Second-life of lithium-ion batteries from electric vehicles: Concept, aging,
testing, and applications. Energies 2023, 16, 2345. [CrossRef]

31. Sarrafan, K.; Sutanto, D.; Muttaqi, K.M. An electric circuit based EV battery model for runtime prediction and state of charge
tracking. In Proceedings of the 2017 IEEE Transportation Electrification Conference (ITEC-India), Pune, India, 13–15 December
2017; IEEE: New York, NY, USA, 2017; pp. 1–6. [CrossRef]

32. Gawde, S.; Patil, S.; Kumar, S.; Kotecha, K. A scoping review on multi-fault diagnosis of industrial rotating machines using
multi-sensor data fusion. Artif. Intell. Rev. 2023, 56, 4711–4764. [CrossRef]

33. Conard, J.W. Services and protocols of the data link layer. Proc. IEEE 2005, 71, 1378–1383. [CrossRef]
34. Bosch, R.G. CAN specification version 2.0: Robert Bosch GmbH. In Systems und Products for Car Manufacturer; Rheinmetall AG:

Düsseldorf, Germany, 1991.
35. Corrigan, S. Introduction to the Controller Area Network (CAN); Application Report SLOA101; Texas Instruments: Dallas, TX, USA,

2002; pp. 1–17.
36. Shah, M.B.N.; Husain, A.R.; Aysan, H.; Punnekkat, S.; Dobrin, R.; Bender, F.A. Error handling algorithm and probabilistic analysis

under fault for CAN-based steer-by-wire system. IEEE Trans. Ind. Inform. 2016, 12, 1017–1034. [CrossRef]
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