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Highlights

This section summarises the key contributions of the article to improve discoverability and clarity for
readers. The points below highlight the main findings and their implications without reproducing the
abstract.

What are the main findings?
• A Bayesian changepoint model can reliably detect the onset of accelerated degradation in lithium-

ion batteries using only cycle-level V–I–T features.
• A simple ratio-based health indicator (charge time / discharge time) provides a stable and inter-

pretable signal suitable for probabilistic degradation analysis.
What is the implication of the main finding?

• The method enables uncertainty-aware, risk-informed decision-making in battery management
systems without requiring new sensing hardware.

• The lightweight Bayesian formulation supports deployment in embedded smart-sensing architec-
tures, improving safety and predictive maintenance capabilities.

Abstract

Reliable detection of the onset of accelerated degradation is essential for safe and cost-effective
operation of lithium-ion batteries. This paper proposes a Bayesian changepoint model designed for
“smart sensing” in battery management systems (BMS), where intelligence is applied to standard
voltage–current–temperature (V–I–T) telemetry rather than new sensing hardware. We define a simple,
interpretable health indicator (HI)–the ratio of charge time to discharge time–computed directly
from cycle-level BMS-compatible features. A probabilistic, piecewise-linear model with a single
changepoint is fitted using Hamiltonian Monte Carlo, yielding posterior distributions for the onset of
accelerated degradation and for pre/post-change slope behaviour. The method provides calibrated
uncertainty intervals that can be integrated into risk-aware BMS decision processes, addressing
the limitations of deterministic breakpoint heuristics that supply only point estimates. Using an
open dataset of 18650 lithium-ion cells, the model consistently identifies a mid-life transition in
the HI trajectory and demonstrates good predictive adequacy through posterior predictive checks.
The approach is computationally lightweight, transparent, and directly compatible with embedded
implementations. By transforming standard BMS telemetry into an uncertainty-aware degradation
signal, the proposed framework supports the development of intelligent and deployable sensing
strategies for next-generation battery systems.

Keywords: Bayesian inference; battery management system (BMS); smart sensing; lithium-ion batteries;
degradation onset detection; changepoint modelling; uncertainty quantification; health indicators (HI)
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1. Introduction
Battery management systems (BMS) rely on continuous sensing of voltage, current, and tempera-

ture (V–I–T) to monitor performance, ensure operational safety, and identify the onset of degradation.
As lithium-ion cells age, their measurable signals evolve in characteristic ways–such as prolonged
charge time, shortened discharge time, temperature rise under load, or changes in voltage–time
plateaus. Extracting actionable health information from these routinely available measurements
remains a central challenge for battery diagnostics, especially in the context of edge devices and
embedded BMS controllers.

In this work, the term smart sensing refers to the computational intelligence applied at, or near,
the sensing layer: namely, using probabilistic models to transform standard BMS telemetry into
interpretable indicators of battery health. Rather than proposing new sensor hardware, we focus on
data-driven sensing intelligence–that is, algorithms that endow existing V–I–T measurements with the
capability to communicate risk, uncertainty, and degradation trends. This interpretation aligns with
current directions in intelligent BMS design, where lightweight statistical models operate close to the
sensor level to support predictive maintenance and safe operation.

Recent developments in data-driven and model-based diagnostics highlight the need for inter-
pretable, uncertainty-aware estimates of degradation onset. Machine-learning models can deliver
accurate predictions but often lack transparency, making them difficult to deploy in safety-critical
systems. Deterministic breakpoint heuristics, widely used in practice, provide point estimates but no
quantification of uncertainty or confidence in the inferred change. Bayesian changepoint methods
offer a principled alternative by explicitly modelling the probability of degradation onset, returning
credible intervals and posterior distributions that can be integrated into risk-aware decision policies.

This paper presents a Bayesian single-changepoint formulation tailored for cycle-level indicators
derived from V–I–T data. By modelling the trajectory of a simple, physically interpretable health
indicator–the ratio of charging time to discharging time at each cycle–we identify the transition from
gradual to accelerated degradation and quantify uncertainty in the onset time.

Using a public lithium-ion cell dataset, we illustrate how calibrated posterior estimates of degra-
dation onset can be obtained without access to raw voltage or current waveforms. The proposed
formulation does not aim to replace full electrochemical or system-level models; rather, it comple-
ments existing BMS telemetry by providing a transparent and computationally efficient method for
extracting degradation information from routine measurements. The results and discussion emphasize
methodological clarity, deployment-compatibility, and the practical role of Bayesian inference in en-
abling smart sensing in next-generation BMS. In what follows, we focus on a simple cycle-level health
indicator derived from BMS-friendly measurements: the ratio of charging time to discharging time at
each cycle. This ratio is directly computed from voltage–time and current profiles and serves as the
observable whose degradation trajectory is analysed by the Bayesian changepoint model.

2. Energy Storage Technologies
Energy storage technologies provide the broader operational context in which lithium-ion bat-

teries (Li-ion) have become essential for grid applications, transportation, and renewable integration.
Although a wide range of storage principles exists, from electrochemical cells to mechanical and
thermal systems, their suitability for high-frequency monitoring and data-driven degradation analysis
varies considerably [1,2].

Electrochemical, mechanical, and thermal storage systems differ markedly in energy density,
round-trip efficiency, power capability, and lifetime. Only a brief overview is therefore provided here
to situate Li-ion batteries within this technological landscape. Mechanical and thermal systems offer
attractive scaling properties but generally lack the high-resolution telemetry required for condition
monitoring. Electrochemical variants, including lead–acid, sodium–sulfur, and various metal–air
chemistries, provide established alternatives with diverse cost and performance characteristics [3,4].
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Among these families, Li-ion batteries have emerged as the dominant choice owing to their
high gravimetric and volumetric energy density, favourable cycle life, and rapidly decreasing cost
trajectory. Their wide deployment in electric vehicles and stationary BESS installations further benefits
from mature manufacturing and well-developed BMS architectures. Importantly, Li-ion systems
are instrumented with routinely available voltage, current, and temperature (V–I–T) measurements,
enabling the extraction of health-relevant signals for intelligent degradation monitoring [5]. This level
of observability distinguishes Li-ion from most alternative technologies and underpins the modelling
approach adopted in this work.

In line with their purely contextual role in this study, the numerical ranges reported in the tables
are not intended for design or procurement decisions, but only to indicate broad trade-offs between
chemistries. Tables 1–4 summarise representative characteristics of selected electrochemical storage
technologies. These values synthesise ranges reported in established surveys [1–3] and are intended
to provide order-of-magnitude comparisons rather than precise procurement estimates. Reported
costs, efficiencies, and cycle lifetimes vary substantially across sources and years, reflecting rapid
market evolution and heterogeneous reporting standards. Accordingly, the tabled values should be
interpreted as indicative context for technology selection rather than definitive benchmarks.

While non-Li-ion technologies remain important in specialised applications–such as long-duration
storage, temperature-resilient designs, or environmentally constrained deployments–they do not
typically generate the type of high-resolution telemetry required for statistical degradation detection.
In contrast, Li-ion BESS benefit from integrated sensing and monitoring capabilities that support
the development of lightweight models deployable within existing BMS infrastructure. For these
reasons, the remainder of this manuscript focuses exclusively on Li-ion systems and on extracting
interpretable degradation indicators from routine V–I–T measurements to support smart, risk-aware
decision-making.

Table 1. Overview of Battery Types and Their Characteristics

Battery Type Description Advantages Disadvantages

Lead-acid Low cost, reliable, but
lower energy density.

Low cost, well-
established technology,
recyclable.

Heavy, low energy den-
sity, shorter lifespan.

Nickel-
Cadmium
(NiCd)

Robust, good cycle life,
but toxic.

Durable, performs well
in extreme tempera-
tures.

Toxic materials, mem-
ory effect, lower energy
density.

Nickel-Metal Hy-
dride (NiMH)

Higher energy density
than NiCd, less toxic.

Higher energy density
than NiCd, environmen-
tally friendlier.

Higher self-discharge,
sensitive to overcharg-
ing.

Sodium-ion (Na-
ion)

Similar to Li-ion but
uses sodium, which is
more abundant.

Lower cost, abundant
materials, environmen-
tally friendly.

Lower energy density,
still in early stages of
commercialization.

Lithium-Sulfur
(Li-S)

High theoretical energy
density, lightweight.

Very high energy den-
sity, lightweight, low
cost.

Short cycle life, polysul-
fide shuttle effect, low
efficiency.
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Table 2. Degradation factors and mitigation strategies across representative battery chemistries (included for
broad context).

Battery Type Degradation Factors Mitigation Strategies

Lead-acid Sulfation (lead sulfate crystalliza-
tion), corrosion of electrodes, elec-
trolyte stratification.

Regular maintenance, equalization
charging, temperature-controlled
environments.

Nickel-Cadmium
(NiCd)

Memory effect, cadmium electrode
degradation, electrolyte leakage.

Periodic deep discharge cycles,
proper charging protocols.

Nickel-Metal Hy-
dride (NiMH)

Hydrogen loss, electrode corrosion,
overcharging damage.

Controlled charging/discharging,
temperature management.

Sodium-ion (Na-
ion)

Electrode degradation, lower en-
ergy density compared to Li-ion, SEI
layer formation.

Development of stable electrode ma-
terials, improved electrolyte formu-
lations.

Lithium-Sulfur (Li-
S)

Polysulfide shuttle effect, sulfur
cathode degradation, lithium anode
degradation.

Use of protective layers on elec-
trodes, advanced electrolyte addi-
tives.

Table 3. Performance Parameters of Chemical Batteries

Battery Type Energy Den-
sity (Wh/kg)

Cycle Life (cy-
cles)

Power Density
(W/kg)

Operating
Temperature
Range (°C)

Lead-Acid Batteries 30-50 500-1000 150-300 -20 to 50
Nickel-Cadmium
(NiCd)

40-120 1000-2000 200-400 -20 to 60

Nickel-Metal Hydride
(NiMH)

60-120 1000-2000 200-300 -20 to 60

Sodium-ion (Na-ion) 100-150 2000-3000 100-200 -10 to 60
Lithium-Sulfur (Li-S) 300-500 300-500 200-400 -20 to 60

Table 4. Indicative cost and efficiency metrics of selected chemical batteries. Values represent approximate ranges
compiled from literature sources and may vary significantly across years, markets, and reporting standards.

Battery Type Cost ($/kWh) Charging Time
(hours)

Energy Effi-
ciency (%)

Lifespan
(years)

Lead-Acid Batteries 50-200 6-12 70-85 3-5
Nickel-Cadmium
(NiCd)

200-300 1-3 70-90 5-7

Nickel-Metal Hydride
(NiMH)

200-300 2-4 80-90 5-10

Sodium-ion (Na-ion) 100-200 4-8 80-90 10-15
Lithium-Sulfur (Li-S) 150-300 5-10 70-80 3-5

3. Literature Review
Smart sensing for lithium-ion batteries combines advances in sensing hardware, BMS architectures,

and data-driven diagnostics. Recent reviews emphasise multi-physical sensing technologies, including
mechanical, thermal, and electrochemical modalities, as a route towards more informative battery
monitoring [1,5,6]. These works survey a broad landscape of sensing options and integration strategies,
but they largely focus on sensor taxonomies and hardware capabilities rather than on simple, BMS-
compatible health indicators and probabilistic models for detecting the onset of accelerated degradation
from cycle-level data.

Electrochemical impedance spectroscopy (EIS) and fibre-optic or embedded sensing constitute
important strands of smart lithium-ion sensing research. Nováková et al. and Bakenhaster et al.
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critically review EIS-based diagnostics and their limitations in practical battery applications [7,8],
while Liu et al. and Jeong et al. discuss advanced optical fibre sensors for thermal and mechanical
monitoring in cells and packs [9,10]. Xiao et al. and Bao et al. provide complementary surveys of
internal temperature estimation and temperature-prediction methods for traction batteries [11,12].
Together with the perspective on edge–cloud intelligent BMS architectures in [13], these contributions
make a strong case for richer sensing at the cell and pack level. However, they typically focus
on sensing modalities, sensor placement, and hardware constraints; they say relatively little about
Bayesian changepoint detection applied to simple cycle-level features derived from standard BMS
V–I–T logs. Within the modelling literature, a first group of contributions uses statistical and Bayesian
inference for state-of-health (SoH) and remaining useful life (RUL) estimation. Qin et al. propose
computationally efficient SoH estimation and transferable RUL prediction schemes that operate on
features extracted from voltage and current measurements [14,15]. These methods are explicitly
designed to be practical and data-efficient, and Rahmanian et al. extend this line of work towards
chemistry-agnostic and explainable battery lifetime prediction [16]. Other studies develop regression-
and physics-informed models to represent internal resistance evolution and degradation trends [17–19].
While these approaches provide valuable tools for global lifetime prediction and parameter tracking,
they typically focus on aggregate lifetime metrics or continuous degradation trajectories. They rarely
target the specific question addressed here: the localisation of a single onset point at which degradation
accelerates, together with a calibrated posterior distribution over that onset time, using only cycle-level
indicators that are directly compatible with production BMS logs.

A second group of contributions uses machine-learning and hybrid approaches for data-driven
diagnostics. Yu et al. explicitly design a health indicator for online lifetime estimation in electric vehicle
batteries, demonstrating that carefully constructed indicators can substantially improve prediction
quality [20]. Yi et al. employ a digital-twin/LSTM architecture that couples real-time temperature
prediction with degradation analysis [21], and Venugopal et al. benchmark multiple machine-learning
models for battery life estimation, illustrating the sensitivity of performance to model class and
feature engineering [22]. Other works explore incremental voltage-difference features [23], voltage-
difference-based multi-fault diagnosis [24], and pack-level connection fault diagnosis using mechanical
vibration signals and belief networks [25]. These studies collectively confirm that machine-learning
can effectively exploit complex nonlinear relationships in battery data. However, most of these models
are either black-box or only partially interpretable, and they rarely provide calibrated uncertainty
on questions such as “when did accelerated degradation begin?” or “how confident is the model in
this onset estimate?”. This absence of explicit posterior onset distributions limits their direct use in
safety-critical BMS decision logic.

A third line of work, reviewed for example in [26], focuses on transfer learning and domain
adaptation for SoC/SoH estimation, which is highly relevant for cross-platform or cross-chemistry
deployment. While these methods improve robustness and reusability of predictive models, they still
generally treat degradation as a continuous quantity or a lifetime horizon to be predicted, rather than
as a change in regime where accelerated degradation starts. In parallel, standards and regulatory
perspectives emphasise that BMS decisions must be grounded in reliable, auditable indicators and
thresholds [27,28]. The emerging consensus is that uncertainty quantification is not optional: to
support derating strategies, early-warning alerts, and fail-safe operation, BMS must have access to
uncertainty-aware degradation metrics that can be mapped to practical safety trip points.

Against this backdrop, Table 5 summarises representative recent studies in statistical/Bayesian
SoH and RUL modelling and in machine-learning-based diagnostics using V–I–T-derived features.
Most of the listed works either assume access to rich laboratory instrumentation (in their original
experiments) or employ complex models that are challenging to deploy in embedded controllers. By
contrast, the present study deliberately targets a narrower but practically important problem: detecting
a single changepoint in a simple, physically interpretable health indicator derived from BMS-friendly
V–I–T features, and quantifying the uncertainty of that onset. Our Bayesian single-changepoint
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formulation is intentionally minimalist: it uses only cycle-level summary statistics already recorded in
many BMS, and returns posterior distributions for onset time and slope change that can be passed
directly to smart-sensing or BMS safety layers. In this sense, the proposed approach complements the
existing literature by providing an uncertainty-aware degradation-onset detector that sits between rich
multi-sensor hardware studies and high-capacity black-box predictors.

Table 5. Representative recent studies on lithium-ion battery degradation sensing and modelling using V–I–T
data or derived features.

Reference Method Class Core Contribution / Technique

[14] Statistical/Bayesian Efficient SoH estimation using V–I features; regression
with interpretable degradation drivers.

[15] Statistical/Bayesian Transferable RUL prediction under limited data;
Bayesian-inspired feature learning.

[16] Statistical/Bayesian Chemistry-agnostic, explainable lifetime prediction;
interpretable statistical modelling.

[20] ML + HI design Defines an online health indicator for EV Li-ion bat-
teries; feature engineering and regression.

[21] Machine learning Digital-twin and LSTM-based thermal/degradation
coupling for real-time prediction.

[22] Machine learning Benchmark and comparison of ML models for Li-ion
life estimation; regression and clustering.

[29] Machine learning Deep-learning-based thermal self-heating model with
anti-aging constraints.

[30] Machine learning Deep-learning-driven degradation modelling for mod-
ified cathode materials.

4. Materials
We evaluate the proposed Bayesian changepoint model using the open Battery Remaining Useful

Life (RUL) dataset curated by I. Viñuales and hosted on Kaggle [31]. The dataset provides cycle-level
measurements for commercial 18650 lithium-ion cells subjected to repeated charge–discharge cycling
under controlled laboratory conditions. Each row corresponds to a single cycle and contains summary
quantities derived from the voltage and current profiles, including discharge time, charge time, time
spent at selected voltage plateaus, and minimum/maximum voltages. No raw waveforms are available,
and the analysis therefore focuses exclusively on these aggregated features.

Dataset Provenance

Secondary sources attribute the cells to blended NMC–LCO chemistry of nominal capacity 2.8 Ah,
cycled at 25 ◦C using CC–CV charge (C/2) and discharge (1.5 C). Because the Kaggle export is a
combined summary table, cell identifiers are not fully recoverable, but the dataset contains 14 distinct
battery trajectories. We treat the provided table as the dataset of record and analyse only the available
cycle-level features.

Exploratory Data Characteristics

Before constructing the health indicator used in the changepoint model, we examine raw trends
in charge–discharge behaviour. These exploratory plots characterise the usable range of the measure-
ments, reveal data boundaries (such as imposed cycle limits), and motivate the selection of time-based
indicators. Figures 1–3 summarise the raw discharge time, charge time, time-at-voltage features, and
minimum/maximum voltages for all batteries. The vertical orange lines correspond to the cycle limit
beyond which some batteries no longer report measurements.
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Figure 1. Charts showing discharge and charge times for individual batteries. The vertical orange line indicates
the measurement limit for each battery.
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Figure 2. Time values for voltage decrement between 3.6 V and 3.4 V during discharge and time spent at 4.15 V
during charge. Orange vertical lines indicate battery-specific measurement limits.
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Figure 3. Maximum discharge voltage and minimum charge voltage for individual batteries. Vertical orange lines
denote measurement limits.

Health Indicator (HI) Definition

Based on the exploratory analysis, we define the primary health indicator (HI) as the ratio:

HIi =
ChargingTimei
DischargeTimei

,

computed per cycle i. This ratio captures how the relative duration of charge versus discharge evolves
as degradation progresses. Batteries typically exhibit increasing charge time and decreasing discharge
time as internal resistance rises and capacity fades; the HI therefore provides a monotonic, interpretable
proxy for degradation that is directly compatible with BMS telemetry.

Across all 14 batteries, the HI displays a consistent pattern: a relatively stable early-life region
followed by a pronounced change in trend around mid-life. Figure 4 shows this characteristic trajectory,
with a visible shift near approximately 400 cycles. This empirical pattern motivates the use of a single-
changepoint Bayesian model.

Preprocessing

To ensure physically meaningful inputs, we apply minimal preprocessing:

• remove duplicate rows and cycles with missing values;
• enforce physically reasonable limits (voltages in 2.5–4.25 V, times > 0 s);
• discard entries beyond battery-specific measurement limits;
• compute the HI for each cycle;
• normalize cycle index for numerical stability in the Bayesian model.

These steps preserve the structure of the dataset while ensuring that the modelling operates on
consistent, validated signals directly derived from the raw cycle-level measurements.
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5. Methods: Bayesian Changepoint Model for Degradation Detection
This section describes the statistical formulation used to estimate the onset of accelerated degra-

dation from the cycle-level health indicator (HI):

HIi =
ChargingTimei
DischargeTimei

,

computed for each cycle i. This ratio is directly available from cycle-level BMS-style measurements
and requires no access to raw voltage–current waveforms.

5.1. Preprocessing and Notation

Let ti denote the cycle index and yi the corresponding health indicator. For numerical stability,
the cycle index is standardized:

t̃i =
ti − t̄

st
,

with t̄ and st the empirical mean and standard deviation. Because the HI often exhibits multiplicative
variation, we model the transformed quantity

zi = log(yi).

No smoothing or temporal aggregation is applied; the Bayesian model operates directly on
cycle-level values.

5.2. Model Formulation

We assume that the transformed indicator follows a piecewise-linear trend with a single change-
point expressed in the standardized cycle domain. The likelihood is

zi ∼ N (µi, σ),

µi =

α1 + β1 t̃i, t̃i < τ,

α2 + β2 t̃i, t̃i ≥ τ.

The parameters (α1, β1) and (α2, β2) describe the linear trends before and after the changepoint
τ, while σ represents residual variability. The formulation imposes no assumption that the slopes be
increasing or decreasing; inference is fully data-driven.

5.3. Prior Specification

Weakly informative priors regularize the model while permitting broad behaviour:

τ ∼ Uniform(min(t̃), max(t̃)),

α1, α2 ∼ N (z̄, 5sz),

β1, β2 ∼ N (0, 1),

σ ∼ HalfNormal(sz),

where z̄ and sz are the empirical mean and standard deviation of the log-transformed HI. These priors
provide broad support for a wide range of pre- and post-change behaviours without imposing strong
structural constraints.

5.4. Posterior Inference

Posterior inference is performed via Hamiltonian Monte Carlo using the No-U-Turn Sampler
(NUTS) implemented in PyMC (v5). Four chains are run with 2 000 tuning and 2 000 sampling iterations
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per chain, yielding 8 000 post-tuning draws. Convergence diagnostics include trace inspection and the
R̂ statistic.

For interpretability, the posterior for the changepoint is transformed back to the original cycle
domain via

tcp = τ · st + t̄.

5.5. Posterior Predictive Checks

Posterior predictive checks (PPCs) were used to assess whether the Bayesian changepoint model
provides a reasonable generative description of the observed health indicator. Replicated datasets
were drawn from the posterior and compared to the empirical HI trajectory. The checks confirmed
that the simulated trajectories follow the overall trend and variability of the data, indicating that
the piecewise-linear formulation with a single changepoint captures the essential structure of the
degradation signal. Since these checks serve as internal model diagnostics rather than empirical results,
only the methodology is described here, and no PPC figure is included.

5.6. Sampler Diagnostics

Table 6 reports the Monte Carlo standard errors, effective sample sizes, and R̂ values for the
parameters. These diagnostics quantify sampling efficiency and are included here as part of method-
ological transparency. No interpretive conclusions regarding degradation behaviour are drawn from
these values in the Methods section.

Table 6. Sampler diagnostics for the Bayesian changepoint model.

MCSE_mean MCSE_sd ESS_bulk ESS_tail R_hat
tau 0.21 0.16 5.0 15.0 2.28

alpha1 0.04 0.03 6.0 28.0 1.75
beta1 0.03 0.02 7.0 35.0 1.67

alpha2 0.03 0.02 6.0 40.0 1.68
beta2 0.03 0.02 6.0 39.0 1.68
sigma 0.0 0.0 573.0 1124.0 1.01

All inferential and interpretive statements regarding the change in degradation behaviour, slope
differences, and the localization of the changepoint are deferred to Section 6.

6. Results
This section presents the empirical behaviour of the health indicator (HI), the changepoint

estimates obtained from the Bayesian model, and posterior predictive assessments of model fit.
Throughout, the HI is defined as the per-cycle ratio of charging time to discharging time,

HIi =
ChargingTimei
DischargeTimei

,

computed directly from the cycle-level features of the Battery Remaining Useful Life (RUL) dataset.

6.1. Behaviour of the Health Indicator over Life

Figure 4 shows the HI trajectory as a function of cycle index for all 14 batteries. At early life, the
HI is relatively stable, with modest variation between cycles and between cells. As cycling proceeds, a
gradual upward drift appears, followed by a more pronounced increase in the mid-life region. For all
analysed batteries, a visible change in trend emerges around approximately 400 cycles, after which
the ratio grows more steeply. This pattern is consistent with increasing charge time and decreasing
discharge time as internal resistance rises and usable capacity fades.
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This qualitative consistency across cells supports the modelling assumption of a single change-
point: before the onset, the HI evolves slowly and approximately linearly; after the onset, the trajectory
steepens, reflecting accelerated degradation.

Figure 4. Ratio of charge time to discharge time as a function of cycle index. All batteries exhibit a characteristic
change in trend near mid-life (around 400 cycles), motivating the use of a Bayesian changepoint model.

6.2. Estimated Changepoint and Degradation Regimes

The Bayesian changepoint model described in Section 5 was applied to the log-transformed HI as
a function of standardised cycle index. For each battery, the posterior distribution of the changepoint
location τ (transformed back to the original cycle index tcp) is unimodal and concentrated in the
mid-life region highlighted in Figure 4. While the exact numerical values differ between cells, all
posteriors place the onset of accelerated degradation within the central portion of the monitored life.

Posterior summaries for the pre- and post-change slopes (β1, β2) indicate that the post-change
trend is more strongly increasing than the pre-change trend. Once the changepoint is reached, the HI
grows faster with cycle number, reflecting lengthening charge durations and shortening discharge
durations. This aligns with electrochemical expectations for mid-life degradation processes.

Figure 5 illustrates a representative fitted trajectory together with its credible band and the
inferred changepoint. The pre-change segment captures the mild drift observed early in life, whereas
the post-change segment closely follows the steeper increase at later cycles. Uncertainty is smallest in
regions with dense observations and increases near the boundaries of the recorded life.
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Figure 5. Fitted degradation trajectory for a representative battery. The shaded region shows the posterior credible
band for the fitted mean, and the vertical marker indicates the posterior median changepoint in the cycle domain.

6.3. Model Fit and Uncertainty Quantification

To evaluate the adequacy of the fitted model, we examined posterior predictive samples and
compared them with the observed HI values. The model reproduced both the stable early-life region
and the subsequent acceleration in the indicator, suggesting that the inferred changepoint and slope
parameters reflect genuine structure in the data rather than artefacts of the prior or numerical fitting.
These checks support the validity of using the single-changepoint formulation for this dataset, though
they do not constitute external validation.

No systematic misfit patterns (such as sustained bias or curvature inconsistent with the piecewise-
linear formulation) are evident. Together with the sampler diagnostics in Table 6, these PPCs indicate
that the model captures the dominant degradation behaviour while maintaining stable posterior
inference.

Importantly, the Bayesian formulation produces full posterior distributions for the changepoint
and slopes, enabling uncertainty-aware statements such as: “The probability that the post-change slope
exceeds the pre-change slope is close to 1”, which are directly useful for risk-aware decision-making in
battery management systems.

7. Discussion and Conclusions
The results demonstrate that a simple, BMS-compatible health indicator–defined as the ratio of

charge time to discharge time–contains sufficient information to identify the transition from gradual to
accelerated lithium-ion battery degradation. Across all 14 cells in the dataset, this indicator exhibited a
consistent pattern: an early-life region of relative stability followed by a pronounced rise beginning
around the mid-life point. The Bayesian changepoint model effectively captured this behaviour,
producing posterior distributions for both the timing and magnitude of the transition. The credible
intervals around the changepoint estimate provide a calibrated representation of uncertainty, which is
critical for applications in battery management systems where safety decisions must be risk-informed
rather than based on single point estimates.

Compared with deterministic breakpoint heuristics commonly used in practice, the Bayesian
approach offers several advantages. The estimated onset of degradation is probabilistic, allowing
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BMS implementations to adjust derating curves, safety thresholds, or maintenance recommendations
according to confidence levels. The model parameters–including pre- and post-change slopes–remain
physically interpretable and do not obscure the underlying behaviour of the indicator. This stands in
contrast to high-capacity machine-learning models, which can achieve good predictive performance
but rarely provide explicit uncertainty quantification or interpretable explanations for degradation
onset.

The framework aligns naturally with modern smart sensing strategies. While the term “smart
sensing” often refers to enriched sensor hardware, the present work demonstrates that algorithmic
intelligence applied at the data-processing layer can also constitute a form of smart sensing. By trans-
forming raw V–I–T measurements–already available in virtually all BMS–into quantitative degradation
signals and uncertainty-aware onset estimates, the model enables more informed operational decisions
without requiring new transducers or instrumentation. This makes the approach highly compatible
with deployment in embedded environments, particularly because the model is low-dimensional and
inference can be approximated with lightweight methods suitable for microcontroller-class hardware.

The proposed framework is intentionally minimalist, and this simplicity brings both strengths
and limitations. It enhances interpretability and deployability, but it also captures only one axis
of degradation–the interplay between charge and discharge time. It cannot disentangle specific
degradation mechanisms such as SEI growth, loss of lithium inventory, or impedance-driven ageing.
Furthermore, the single changepoint formulation reflects the structure of this particular dataset,
whereas real-world degradation can exhibit multiple inflection points or nonlinear transitions. Noise
characteristics in operational BMS logs, which may include drift, missing cycles, or inconsistent
sampling, may also differ from the curated dataset used here. These factors warrant caution when
transferring the model directly to field deployments.

Nonetheless, the approach establishes a foundation for more advanced smart-sensing architec-
tures. The Bayesian framework can be extended to incorporate multiple changepoints, hierarchical
structures across cells, or multi-modal indicators when additional sensing data (e.g., internal temper-
ature estimates or low-overhead impedance perturbations) are available. Online inference schemes
would enable real-time monitoring and early-warning triggers, while coupling the changepoint outputs
with survival or RUL models may further improve predictive maintenance capabilities.

In conclusion, this study demonstrates that cycle-level BMS-friendly features, when analysed
through a principled Bayesian lens, provide robust and interpretable indicators of the onset of acceler-
ated battery degradation. The proposed method balances transparency, uncertainty quantification, and
computational feasibility, making it a strong candidate for integration into next-generation smart BMS
systems. By grounding degradation detection in probabilistic reasoning and sensor-level compatibility,
the framework contributes to safer, more reliable, and more intelligent battery operation.
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