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Abstract

We present the results of an empirical study on accelerated assessment of the remaining capacity of used electric
vehicle (EV) lithium-ion battery (LIB) modules in the context of unknown state-of-charge (SOC). The objective was
to estimate the state of health (SOH) in the form of the percent capacity fade of individual modules relative to the
nominal capacity of a new module. A few percent target accuracy was set to avoid costly full-cycle testing of severely
degraded modules. The experimental investigation gave special attention to detecting prior electrical abuse in the form
of over-charge and over-discharge. The transient-response waveforms associated with pulse-charge waveforms
provided data for fitting the phenomenological equivalent-circuit model (ECM). The model parameters, viz., open-
circuit voltage, input impedance, and polarization capacitance, depend on both SOC and SOH, and it was critical to
disambiguate the two dependencies. LIB modules of different cathode chemistries required separate characterization
of the ECM parameters. Full pulse charge cycles of modules provided data for the capacity fade associated with normal
aging. We trained machine-learning models using the estimated parameters of the ECM as features and SOC and SOH
as targets. To attain representative model performance, the separation between training and validation data was based
on the separation of physical devices: the training dataset employed data associated with a subset of modules, and the
validation dataset contained the data from the remaining modules. The initial results on the module from lithium-iron-
phosphate (LFP) and nickel manganese cobalt oxides (NMCs) chemistries indicated that the target performance of a
few percent accuracy on the capacity fades on the validation data was attained. A separate set of cell-level experiments
generated the battery-abuse data by subjecting cells to progressive over-charges and over-discharges. The first results
suggest that the increase in the internal impedance exceeds the variance of impedances of the associated moderately
degraded modules.
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Introduction and Motivation

The electric vehicle (EV) industry experienced a remarkable acceleration, with lithium-ion battery (LIB)
manufacturing rapidly advancing along its technological S-curve. In 2020, global EV production surged to 3.1 million
units, representing a substantial 39% increase from the previous year [1]. This impressive growth is just the beginning
of a transformative trend in transportation. Market projections paint an even more compelling picture of the EV
landscape. Analysts forecast a dramatic expansion, predicting that annual EV production will soar more than eight-
fold to 26.9 million vehicles by 2030 [2]. The International Energy Agency (IEA) offers an even more optimistic
outlook, anticipating that electric vehicles will constitute 51% of all new vehicle production by 2030 — a sixteen-fold
increase that signals a fundamental shift in automotive technology and sustainability when over 1 million EV batteries
are expected to reach EOL [3]. Efficient testing of used modules is crucial for successfully processing the anticipated
large volumes of retired EV batteries.

Quantitative assessment of battery module performance demands stringent testing methodologies to ensure
measurement accuracy and reproducibility. Current industry standards mandate triple-cycle characterization
protocols, as single-cycle measurements may yield unreliable results due to environmental variability. Specifically,
ambient temperature fluctuations can significantly influence capacity measurements, necessitating multiple cycles to
establish statistically robust performance metrics. This approach differentiates between inherent measurement
variability and true capacity values, providing a more reliable foundation for subsequent performance analysis.
Lithium-ion batteries with different cathode chemistries require distinct characterization approaches. Nickel
manganese cobalt oxides (NMCs), lithium iron phosphates (LFPs), and lithium cobalt oxides (LCOs) exhibit
fundamental differences in voltage profiles, internal resistance behavior, and thermal characteristics. These variations
necessitate chemistry-specific test protocols to capture the essential parameters for accurate performance modeling.
The protocols must account for unique attributes such as the flat voltage profile of LFP cells, the higher voltage
sensitivity of NMC chemistries, and the thermal constraints of LCO-based systems.

Safety considerations in battery testing are paramount, particularly regarding the detection of prior abuse or
damage. Implementation of robust screening procedures is essential to identify potentially compromised modules
before testing, thereby safeguarding both valuable testing equipment and laboratory personnel from potential hazards
associated with damaged cells.



In practical applications, particularly when dealing with modules of unknown charge status, there is
significant value in developing rapid assessment protocols. A quick diagnostic procedure, approximately ten minutes
in duration, would enable efficient triage of modules regardless of their state of charge. This capability would
substantially streamline the testing process and improve operational efficiency while maintaining necessary safety
standards.

Battery module characterization methods primarily utilize transient response analysis or electrochemical
impedance spectroscopy (EIS). This investigation focuses on transient response techniques, which leverage existing
cycler infrastructure without requiring specialized impedance measurement equipment. The characterization protocol
implements a sequence of galvanostatic pulses interspersed with rest periods of predetermined duration. This pulsed
current profile enables the observation of both instantaneous voltage response and relaxation behavior, providing
insights into both resistive and capacitive elements of the battery system.

The step-wise current profile serves multiple purposes: it allows for the separation of ohmic resistance from
diffusion-related phenomena, enables the quantification of voltage recovery characteristics, and provides data suitable
for parameter estimation in equivalent circuit models. The duration of current pulses and rest periods must be
optimized to capture relevant time constants while maintaining practical test durations. Typically, rest periods must
extend sufficiently to observe voltage relaxation approaching steady state, while current pulses must be long enough
to establish quasi-steady-state conditions in the cell.

Review of Related Work

EV batteries reach end of life (EOL) when capacity drops to 70-80% of original, with some failing as early as 90%
capacity. Beyond gradual degradation, batteries may be replaced due to "infant mortality" failures from internal cell,
module, or component defects [4]. Used batteries offer promising secondary applications in grid storage, performing
multiple functions like peak shaving and renewable energy firming [5]. The demand for low-cost storage systems
grows with increased deployment of weather-dependent distributed energy resources (DERs) [6]. While firming
renewable energy is particularly interesting, stacking different storage capabilities enhances the grid storage system's
value proposition [7].

There are many battery models. This work is based on a phenomenological model that fits transient response

data (see, e.g., [8]), which was successfully used for a cell-level assessment degradation [9], unlike statistical time-
domain health indicators (e.g., kurtosis, RMS, crest factor) as described in [10].
Thermal runaway occurs due to a separator failure induced by electrical, mechanical, or thermal causes [11]. Electrical
causes (including prior abuses) were the focus of the study because mechanical abuses are readily visible, and thermal
abuse is either a design issue or leads to thermal runaway before the modules are considered for secondary
applications. Inducing thermal runaway by thermal and mechanical means are studied elsewhere: for example, Chen
et al. [12] studied the effect of SOC in thermal runaway, by triggering the thermal runaway with a uniform heater in
a lab environment; Naha et al. [13] induced short mechanically.

Technology Approach

The approach was based on transient response data and the associated ECM model. Data collection included module-
level and cell-level testing, where the former provided data for estimating SOH and the latter provided data for abuse
detection. The parametrization of the ECM model, introduced in the following subsection, was used for processing
both datasets.

Experiments
The study conducted two types of experiments: characterization at a module level and abuse cycles at the cell level.
They are described in turn.

Module characterization

The first set of experiments was conducted using a pulse charge and constant current (CC) — constant voltage (CV)
discharge at the module level. Figure 1 shows a sample pattern. The pulses served to capture the transient data at
different levels of SOC. Coulomb capacities were estimated by integrating total charge during the discharge cycle,
which included current taper during the CV stage.
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Figure 1 Battery terminal current and voltage in a typical cycle pattern.

The tests were conducted on a commercial cycler using the integrated battery test system Chroma 17020,
shown in Figure 2a. We selected a commercial system to make the quick assessment readily deployable. The Chroma
system is equipped with a bi-directional power supply, capable of returning the module discharge energy to the grid,
which is very valuable feature for reducing the economic and environmental cost associated with testing.
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Figure 2: (a) Chroma 17020 front panel (b) back-panel with power meter (c) example test profile (d) efficiency

The measured efficiency of the system exhibited a dependence on the module size, as shown in Figure 2c.
The efficiency of the system increased with the module size. It is plausible that larger commercial systems, with 16
or more channels, have considerably higher efficiency.

Because the characterization is a function of chemistry, the cycles were applied to three different module
types, shown in Figure 3b-d, but this paper will focus on the modules shown in Figure 3b because the cells from this
module type were subjected to the abuse tests.
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Figure 3: Modules (a) LFP modules (b)-(d) different versions of NMC modules.
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Figure 4 Capacity testing results (NMC modules, shown in Figure 3b).




Figure 4 shows the distribution of repeated capacity measurements for the four modules. The subplot on the
left shows individual measurements, with the actual measurements shown on the scale at the bottom, and relative
measurement on the top. The differences in capacity were relatively small, but the variation from one test to the next
was fairly large.

Cell-abuse testing

Because no existing modules and cells were available at the onset of thermal runaway, RIT experimented with thermal
runaway using overcharge. The overcharge experiments induced permanent swelling deformation in cells, as shown
in Figure 5. The top row shows the appearance of cell before the first, second, and third overcharge, and the bottom
row shows the appearance after these tests. During the third test, the cell outgassed, and some splatters can be seen on
the wall to the right of the cell.
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Figure 5 Cell at the start (top) and end (bottom) of overcharge tests (a) cycle 1 (b) cycle 2 (¢) cycle 3

Figure 6 shows the waveforms associated with the cyclic overcharging experiment. The characterization was
performed at SOC =100%.
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Figure 6: Cyclical characterization and overcharge cycles

Over-discharge experiments were performed by progressively discharging modules beyond their normal
voltage level down to zero, with characterization between the deep discharge cycles, as shown in Figure 7. The close
up zooms into the last normal range test pattern for characterization. The deep over-discharge cycles (down to zero
volts) did not produce observable change in the ECM parameters.
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Figure 7 Progressively deeper discharge cycles.

Modeling, Estimation, and Abuse Detection

The ECM model described next, served for processing of experimental data associated with module testing and cell
abuse tests. The model parameters were then used to estimate the remaining capacity @, which we used as the measure
of SOH.

Modeling — the ECM Model
This widely-used model (see [8]) can be described as follows: Figure 8a shows the ECM with multiple polarization
resistor-capacitor pair, and Figure 8a shows the terminal current iz and voltage vy waveforms during a transient
response associated with the rest at the end of a pulse-charge. For simplicity, we set the time of the start of the rest
period at 0.
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Figure 8 Equivalent circuit model (a) equivalent circuit (b) prototypical vg and izat the end of charge pulse
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where I, is the current of the pulse AV, denotes the instantaneous voltage change at the beginning of the rest period
AV, =vp(07) — vp(07). (2)
The remainder of the transient response serves to estimate the polarization resistor-capacitor pairs {(Rpm, Cpm)}m_1
M
t
vg(t) = Ve — Z ve, (0)e Tm ¢ >0. (3)
m=1
The initial value of the polarization, across all polarization capacitors is denoted by ¥, and given by
M
= v(0) = v5(@) = I Y Ry, )
m=1
which yields the initial voltage across a polarization capacitor C, is
Rpm
Ucpm (0) = M R Vp (5)
m=1"Dm

It is important to emphasize that all circuit parameters in Figure 8a are functions of both SOC and SOH, viz.
Voo (SOC,SOH), Rp(SOC,SOH), and {(R,, (SOC,SOH),C, (SOC, SOH)}Zzl. The model was implemented in
Python, and the parameters were estimated the standard open-source library Scipy [14] and its curve_fit function.
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Figure 9: Module characterization and estimation of model parameters during the rest periods (a) entire test profile
(b) close-up showing the fidelity of the fit

Figure 9a shows the fit of the transients for the characterization shown in Figure 1, and Figure 9b zooms into
a representative transient, where the number of polarization R-C pairs was 2 (i.e., M = 2). The ECM parameters
associated with the transient in the close-up, are indicated in the plot. Note that because we used the transient, the

current was negative relative to the batteries reference direction.
The symmetry of the two R-C polarization pairs can be problematic for the curve fit, which can randomly

assign higher associated time constant (,, = ﬁpmépm )- To avoid this problem, we always assigned lower-valued
fitted time constant to 7; and higher-valued time constant to 7,, i.e., T; < T,.

SOH Estimation

A curve fit was applied for multiple characterizations. Figure 10 shows two (V. and £,) of the six parameters (the
polarization R-C parameters were not shown to save space) as a function of SOC and discharge capacity Q.
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Figure 10: Estimated parameters (a) Open-circuit voltage 7, (b) the larger time constant £,

The colors denote physical models: for example, all blue dots were estimated on one module, and red on another. The
estimation of the discharge capacity Q, was based on the ECM parameters. We collected the parameters in the feature
vector, defined as

t; Ry 7] (6)

,Cp, are in minutes, estimated resistances Rg, R, 1 and

¢ =[Rp Vor Ry
where the estimate time constants £, = ﬁp lép ,and t; = ﬁp
I?pz are measured in m{Q, and open-circuit voltage V. is measured in volts. Typical values of the parameters can be
seen
Our objective was primarily to estimate Q,, but we attempted it in two ways: directly from features, Q4 (¢b)
or indirectly, by first estimating SOC, SOC = f(¢) and then , using this to better estimate the discharge capacity
Q4= g(q,’),S/O\C ) The regression models used in the analyses included Random Forest algorithm, implemented in
Scikit-Leand [15] and neural networks implemented in PyTorch [16]. Data associated with two LIB modules was used
for training, and the data associated with the remaining two LIB modules was used for validation. Allocating all data
from a specific physical object exclusively to either training or validation datasets offers a significant advantage: the
validation results will more accurately predict real-world performance, as the deployed system will encounter entirely
different physical objects (LIB modules, in our case). Additionally, immediate neighbors, such as consecutive cycles,
often exhibit high similarity, which can create excessive overlap between training and validation data. While using
consecutive cycles across both sets might temporarily show improved performance with reduced validation error, this



approach creates an artificially optimistic assessment that fails to represent realistic deployment conditions. The
training and validation errors associated by both a direct regression model Q4 (¢) and its indirect counterpart §, =
g(d),S/O\C ), both implemented in the form of Random Forest algorithm, are shown in Figure 11. Both training and

validation error are within £2% for both SOC and discharge capacity estimates. Neural network models produced
similar results.
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Figure 11: Distribution of regression model errors (a) SOC estimation (b) discharge capacity estimation

In addition, to regression using the ECM parameters, we estimated parameters directly from the waveforms,
and obtained similar, slightly better results, as shown in Figure 12.
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Figure 12 Training and validation error of the estimated remaining capacity using raw transient data.
Abuse detection
We used a similar approach for the abuse detection. The ECM model parameters were estimated from transient data
associated with test pattern between the overcharge periods (see blue shaded sections in Figure 6). Figure 13 shows
the estimated ECM parameters and the cell temperature. Three cycles were completed before the cell failed were

labeled pre-abuse, after 1° abuse, and afier 2" abuse. Of the six parameters, Ry the most compelling, monotonical
dependence on the abuse.
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Figure 13: Estimated ECM parameters from overcharge abuse data.

Figure 14a shows the histograms of 495 estimates of battery resistance Ry of modules (see also Figure 10b).
The bottom x-axis provides the scale for module-level Ry and the top x-axis average cell-level R Beoy = R Bmodute! 12
because module was comprised of twelve cells connected in series.
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Figure 14: (a) Module-level estimations with average cell scale (b) cell-abuse and module level estimates

Figure 14b combines the Ry cell estimates from Figure 13 with Ry estimates from module experiments
scaled to cells. Before abuse (blue dots) cells, had slightly higher values than those computed from new modules (red
dots). The estimates after the first abuse (orange dots) was distinctly higher than pre-abuse, and the points after the
second abuse (green dots) had even higher margin relative to the estimates after the first abuse. The clear margins,
signified by arrows, showed that the abused cells were detectable from the normal cells and modules.

Discussion

This paper shows module characterization of one of the four module types that have been investigated. Unfortunately,
the variation of degradation among modules was negligible because the modules had not seen significant variation.
Therefore, full characterization tests were repeated many times to induce variation during cycling. The four battery
types, shown in Figure 3, had respectively, 71, 51, 48, and 220 tests cycles, of the form shown in Figure 1. Generally,
characterizations of LIBs, upon which EIS and transient methods rest, are expensive and time consuming. Battery
model parameters are chemistry-dependent, with small cathode chemistry variations significantly affecting
parameters. This necessitates repeated characterization for each chemistry variant.

The solid-state fuel gauge industry exemplifies this challenge. LIB in consumer electronics like laptops and
cell phones require full characterization to configure fuel solid-state fuel gauge parameters. Even small, incremental
modifications of cathode chemistry changes, require new characterization. The complexity stems from model
parameters' dependence on both SOC and SOH (Q,), which must be established empirically.

We found that, in addition to SOC and Q,, the ECM parameters depend on the current level. Figure 15a
shows a cell-level characterization test at four different pulse current levels [, € {2,5,10,15} A, and Figure 15b
shows the battery estimates associated with transients at the end of pulse charges (EOC) and the end of pulse
discharges (EOD). The variations of the estimates were significant, despite relatively small variation in SOC (because
the charge and discharge pulse alternated).
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Figure 15 Current level test (a) waveforms (b) resistance estimates

We explored the remaining discharge capacity and SOC from the voltage waveform data, using machine
learning models, and achieved similar and sometimes slightly better results compared to the models that operated on
the estimated ECM parameters. However, models based on the ECM parameters had a significant advantage: the ECM
values offered better interpretability of the results than a black-box approach that operates directly on the raw data.
For example, reduced capacity can be related to increased battery resistance or reduced time constants.

Conclusion & Recommendations.

We presented the results of an empirical study for estimating remaining capacity of used LIB modules and cells
recovered from EV batteries. The first objective was to estimate capacity within a few percent to avoid costly cycle
tests on severely degraded modules. The estimated remaining discharge capacity was within +2%, which is probably
sufficient.

The second objective was to detect modules which suffered prior abuse. Because mechanical abuse is visible,
the focus of the study was on electrical abuse in the form of overcharge and over-discharge. The abuse tests were
conducted at the cell to limit the power of potential explosion. The results of over-charge experiments showed promise,
as the battery-resistance estimates associated with abuses had progressive large margins relative to pre-abuse tests.
The deep discharge tests did not show evidence of change, when measured by the model parameters.

Future work will include cell-level deep discharge abuse tests with longer, up to two days, rest periods at the
end of deep discharge and will include full characterization, at multiple levels of SOC (not just SOC=100%) between
overcharge cycles.
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